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Abstract 

There is extensive research on the benefits of making data-informed decisions, but 

research also contains evidence many educators incorrectly interpret student data. 

Meanwhile, the types of detailed labeling on over-the-counter medication have been 

shown to improve use of non-medication products, as well. However, data systems most 

educators use to analyze student data usually display data without supporting guidance 

concerning the data’s proper analysis. In this dissertation, the data-equivalent to over-the-

counter medicine is termed over-the-counter data: essentially, enlisting medical label 

conventions to pair data reports with straightforward verbiage on the proper interpretation 

of report contents. The researcher in this experimental, quantitative study explored the 

inclusion of such supports in data systems and their reports. The cross-sectional sampling 

of 211 educators of varied backgrounds and roles at nine elementary and secondary 

schools throughout California answered survey questions regarding student data reports 

with varied forms of analysis guidance. Respondents’ data analyses were found to be 

307% more accurate when a report footer was present, 205% more accurate when an 

abstract was present, and 273% more accurate when an interpretation guide was present. 

These findings and others were significant and fill a void in field literature by containing 

evidence that can be used to identify how data systems can increase data analysis 

accuracy by offering analysis support through labeling and supplemental documentation. 

Recommendations for future research include measuring the impact over-the-counter data 

has on data analysis accuracy when all supports are offered to educators in concert. 

Keywords:  abstract, analysis, data, data-driven decision-making, DDDM, data-informed 

decision-making, data system, data warehouse, footer, ICT, interpretation guide, report 
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Chapter 1: Introduction 

In cases where someone is not receiving medicine directly from a doctor, the 

information on over-the-counter medication’s label is crucial to consumer safety 

(DeWalt, 2010). The medicine’s purpose, ingredients, dosage instructions, and dangers 

are all outlined on a detailed label (Kuehn, 2009). With such guidance, patients may take 

over-the-counter medication with the goal of improving wellbeing while a doctor is not 

present to explain how to use the medication. 

Label conventions can result in improved understanding on non-medication 

products, as well (Hampton, 2007; Qin et al., 2011). Thus, in the way over-the-counter 

medicine’s proper use is communicated with a thorough label and sometimes with added 

documentation, a data system used to analyze student performance can include 

components to help users better comprehend the data it contains. A data system, also 

referred to in education as a student data system, is software that provides student data to 

educators in a digestible, report-based format (Wayman, 2005). Educators use data 

systems to make decisions that impact students (VanWinkle, Vezzu, & Zapata-Rivera, 

2011). No or poor medication labels have resulted in many errors and tragedy, as people 

are left with no way to know how to use the contents wisely (Brown-Brumfield & 

DeLeon, 2010). Yet many data systems display data for educators without sufficient 

support to use their contents – data – wisely (Coburn, Honig, & Stein, 2009; Data Quality 

Campaign [DQC], 2009, 2011; Goodman & Hambleton, 2004; National Forum on 

Education Statistics [NFES], 2011). Feedback is considered one of the most powerful 

influences on student learning and achievement, but this impact can be negative if the 

performance feedback is not provided in the best way (Hattie & Timperley, 2013). 
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This paper features an exploration of the concept of over-the-counter data: 

essentially, the prospect of improving educators’ data use by embedding data usage 

guidance within the data systems they are using to analyze data, just as over-the-counter 

medication is packaged with usage guidelines. Background is provided as to why the 

research topic is timely and of interest. The problem statement contains evidence of 

educators’ high error rate when drawing data-based conclusions, their tendency to 

analyze data while alone and without potential supports outside of the data system, and 

the lack of analysis support currently within most data systems. The purpose statement 

and research questions reflect the quantitative study goal of investigating the degree to 

which such usage guidance can help. Finally, the nature and significance of the study are 

explained, followed by definitions of key terms and a summary of the study. 

Background 

The Food and Drug Administration (FDA) requires the pharmaceutical industry to 

accompany over-the-counter medication with textual guidance regarding its use and to 

also provide solid evidence on how effective its labeling is in reducing errors, deeming it 

negligent to do otherwise (DeWalt, 2010). Data systems are commonly used to generate 

data reports, yet research on aspects of report format and system support that could 

enhance analysis accuracy is scarce (Goodman & Hambleton, 2004). Research that was 

devoted to data system and report format limits this exploration to participants’ 

preferences and participants’ perceived value of supports. However, user preference can 

be the opposite of the reporting format that actually renders the more accurate 

interpretation (Hattie, 2010). 
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This study was used to examine how effective varied analysis supports are in 

improving data analysis accuracy, and it did not rely on participants’ preferences or 

perceived value of supports. It was thus unique in determining the specific extent to 

which each form of analysis guidance improves analysis accuracy, and rendering 

examples and templates for real-world implementation. The findings of this study filled a 

gap in education field literature by containing evidence that can be used to identify 

whether, how, and to what extent data systems can help increase educators’ data analysis 

accuracy by providing analysis support within data systems and their reports. 

Improvements data system and report providers make in light of this study have the 

potential to improve the accuracy with which educators analyze the data generated by 

their data systems. More accurate data analyses will likely result in more accurate data-

informed decision-making for the benefit of students. 

Statement of the Problem 

The problem investigated was educators make data analysis errors impacting 

students, yet data systems and reports do not include analysis help, and it was undecided 

whether adding supports to data systems can reduce the number of analysis errors. Data-

informed decisions can improve learning (Sabbah, 2011; Underwood, Zapata-Rivera, & 

VanWinkle, 2010; Wohlstetter, Datnow, & Park, 2008). Educators worldwide test 

students, distribute score reports, and expect stakeholders to make improvements based 

on these reports (Hattie & Brown, 2008). Most educators have access to data systems to 

generate and analyze score reports (Aarons, 2009; Herbert, 2011). 

Unfortunately, educators do not use this data correctly, and there is clear evidence 

many users of data system reports have trouble understanding the data (Hattie, 2010; 
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National Research Council, 2001; Wayman, Snodgrass Rangel, Jimerson, & Cho, 2010; 

Zwick et al., 2008). For example, in a national study of districts known for strong data 

use, teachers incorrectly interpreted 52% of data (U.S. Department of Education Office of 

Planning, Evaluation and Policy Development [USDEOPEPD], 2009). Few teacher 

preparation programs cover topics like assessment data literacy (Halpin & Cauthen, 2011; 

Stiggins, 2002), most people analyzing data received no training to do so (DQC, 2009; 

Few, 2008), and human biases compromise judgment and complicate decision-making 

processes (Kahneman, 2011). 

Data use impacts students, and misunderstandings when using data systems can 

cripple data use in school districts (Wayman, Cho, & Shaw, 2009). Yet labeling and tools 

within data systems to assist analysis are uncommon, even though most educators 

analyze data alone (USDEOPEPD, 2009). There is a clear need for research identifying 

how reports can better facilitate correct interpretations by its users (Goodman & 

Hambleton, 2004; Hattie, 2010). The power of data systems that generate these reports 

will not be realized until researchers contribute to improving data system design to 

improve analysis (DQC, 2011). 

Purpose of the Study 

The purpose of this experimental quantitative study, conducted in a laboratory 

environment, was to facilitate causal inferences concerning the degree to which including 

different forms of data usage guidance within a data system reporting environment can 

improve educators’ understanding of the data contents, much like including different 

forms of usage guidance with over-the-counter medication is needed to properly 

communicate how to use its contents. Independent variables included brief, cautionary 
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verbiage in report footers, report-specific abstracts, and report-specific interpretation 

guides. The dependent variable was accuracy of data analysis-based responses. The 

researcher explored three data analysis supports provided by a data system, each framed 

in two different formats, by presenting 211 elementary and secondary educators in 

ethnically and culturally diverse southern California with different versions of the same 

two student achievement data report environments. Each of these report sets fit into one 

of the following treatment categories (a) no added analysis support; (b) analysis support 

by way of footers directly on the reports, which were offered in two different framing 

styles; (c) analysis support by way of abstracts, which accompanied the reports and were 

offered in two different framing styles; and (d) by way of interpretation guides, which 

accompanied the reports and were offered in two different framing styles (see Appendix 

C for reports and handouts). The researcher then compared the results of educators using 

data system reports embedded with data analysis guidance in the varied formats noted 

above (a-c). Participant responses were collected through a web-based questionnaire 

crafted and administered in Google Docs, taking advantage of the Google Form feature, 

and involved groups of no more than 30 respondents at each administration time at each 

participant’s school site. Data was collected at one point in time for each participant 

within a one-month research window. Findings from this research are suited to identify 

whether data systems used by educators can help prevent common analysis mistakes by 

providing analysis support within the interface and the reports they are used to generate. 

Theoretical Framework 

This research study fell within the conceptual and theoretical area of data-

informed decision-making as a means of raising student achievement, as it included an 
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exploration of how data systems can improve educator accuracy when performing the 

data analysis step of data-informed decision-making. Data use can lead to insight into 

students’ abilities and to decisions to improve instruction (Underwood et al., 2010). 

Research review indicates using data to inform instructional decisions can result in 

greater student achievement (Lewis, Madison-Harris, Muoneke, Times, 2010; Wayman, 

2005; Wohlstetter et al., 2008). Thus educators realize data can be the foundation for 

action toward school improvement (Sabbah, 2011; Supovtiz & Klein, 2003). 

Largely due to the No Child Left Behind (NCLB) Act of 2001 that increased 

pressure on educators to raise student achievement, data interpretation has become 

increasingly vital to school reform (Minnici & Hill, 2007). Worldwide, nations and U.S. 

states use some form of national or state-wide testing; distribute score reports to students, 

parents, educators, and/or government; and expect stakeholders to learn from these 

reports and use them for data-informed decision-making (Hattie & Brown, 2008). 

However, even the name of the premise these stakeholders are employing – data-

informed decision-making – indicates it relies on the understanding that the data is being 

used to inform decisions, not misinform them. Misunderstandings about how to use data 

and a data system can cripple data use in a school district and cause low data system use 

rates and resistance to data (Wayman et al., 2009). 

Frequent problem. The value of data-informed decision-making is negated when 

educators do not analyze the data correctly when using is to make decisions. Data is 

useless if we cannot understand it (Few, 2008). Unfortunately, not all educators have the 

skills needed to successfully use data to inform decisions, and having data does not mean 

it will be used properly (Marsh, Pane, & Hamilton, 2006). Few educators automatically 
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know how to use available data effectively (DQC, 2009), and many educators experience 

difficulties just trying to understand what it means (Goodman & Hambleton, 2004; 

Hambleton, 2002; Hattie, 2010; NRC, 2001). Educators must be skilled at using data 

daily to improve student learning, yet many are not (Zwick et al., 2008). 

Teachers have frequent difficulties using data, express a need for easier ways to 

use data, and are overwhelmed by data, (Wayman et al., 2010). For example, teachers 

have difficulty using data systems due to varying technological sophistication levels 

when it comes to using the data system to interpret student data, even amongst teachers 

who serve as assessment coaches to their peers (Underwood, Zapata-Rivera, & 

VanWinkle, 2008). The problem is not restricted to teachers. Stakeholders at all levels 

have trouble interpreting data, such as principals who are intimidated by data and need 

training, and teacher coaches who are not tech-savvy and have trouble sharing 

assessments and data system knowledge with teachers (Underwood et al., 2008). State-

level stakeholders are also at varying stages of being able to actually analyze the data that 

data systems display (Minnici & Hill, 2007). Even at the state level, stakeholders are not 

using student data effectively (Halpin & Cauthen, 2011). Yet if data system users do not 

understand how to properly analyze data, the data will be used incorrectly if it is used at 

all (NFES, 2011). 

Contributing factors. Multiple variables can lead to flawed data-informed 

decision-making. For example, educators’ incomplete understanding of statistics can lead 

them to draw false conclusions from data (Marsh et al., 2006). Many teachers and 

administrators do not know fundamental analysis concepts, and 70% have never taken a 

college or post graduate course in educational measurement (Zwick et al., 2008). Few 
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teacher preparation programs cover topics like state data literacy (Halpin & Cauthen, 

2011; Stiggins, 2002). Training programs for teachers have generally not addressed data 

skills and data-informed decision-making (USDEOPEPD, 2011). In fact, most people 

responsible for analyzing data have received no training to do so (DQC, 2009; Few, 

2008). 

Two solution theories: professional development and staff. Most educators are 

eager to analyze and then act on the data they see, but interpretations require knowledge 

and understanding (Hattie, 2010; van der Meij, 2008). Two theories dominate most 

literature concerning how best to equip educators with the knowledge and understanding 

needed to correctly interpret and use data. One of these theories is that professional 

development (PD) can improve educators’ data analysis accuracy (Lukin, Bandalos, 

Eckhout, & Mickelson, 2004; Sanchez, Kline, & Laird, 2009; Zwick et al., 2008). The 

other prevailing theory is staff resources such as site leaders, data teams, data experts, 

and/or instructional coaches can improve educators’ data analysis accuracy (Bennett & 

Gitomer, 2009; McLaughlin & Talbert, 2006). While there is research-based merit to 

both these theories (see Chapter 2: Literature: Controversy Concerning the Best Way to 

Improve Data Analysis Accuracy for specifics), there are also limitations to both 

approaches (see Chapter 2: Literature: Supports Outside of Data Systems Are Not 

Enough for specifics). Even when educators benefit from employing these two solutions, 

students deserve for educators to use all possible supports for improved analysis accuracy 

in an effort to completely eliminate – rather than merely reduce – their analysis errors 

when using those data analyses to make decisions. 
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Third solution theory: analysis tool improvement. The avenue for analysis 

accuracy this study was used to explore concerns the data system reports that display the 

data educators are interpreting. The role the data system plays in analysis accuracy is 

largely ignored by research literature, but not entirely. There is clear evidence many users 

of data reports have trouble understanding and interpreting data as it is displayed in these 

reports (Goodman & Hambleton, 2004; Hambleton, 2002; Hattie, 2010). For example, 

teachers do not understand or value some data when viewing it in data system reports 

(Underwood et al., 2008). Teachers need additional help understanding measurement 

concepts and statistical terms, and adding information to reports can provide this help 

(Zapata-Rivera & VanWinkle, 2010). Problems analyzing data in data systems and their 

reports extend to other educational roles, as well. Although administrators are 

increasingly asked to make data-informed decisions, they have trouble understanding 

data presented in reports (VanWinkle et al., 2011). Administrators misunderstand the 

meanings of symbols and terms used in assessment reports and are often confused by the 

reports’ complexity, and the reports district administrators are charged with using are 

presented in ways that are hard for them to read and interpret (Underwood et al., 2010). 

Reports are rarely available in formats district administrators can use (Coburn et al., 

2009; Underwood et al., 2010). Even stakeholders such as state politicians, 

superintendents, and education reporters frequently misunderstand and misinterpret 

national assessment score reports (Hambleton & Slater, 1996; VanWinkle et al., 2011). 

The U.S.’s NCLB Act of 2001 led to reports for multiple subjects being 

distributed at the state, district, school, subgroup, and student levels for parents and 

teachers of 22 million students per year, yet the reports are not in accordance with any 
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nationally recognized reporting standards, whereas not all users of these reports are as 

test sophisticated as they need to be to use them (Hattie, 2010). Quality control for 

reporting of student data relates largely to mistakes relating to score validity, such as test 

examiner or computer errors, and little to do with report design and analysis errors 

(Allalouf, 2009). This is unfortunate, as the manner in which data is presented 

significantly impacts the decisions that data is used to make (Thaler & Sunstein, 2008). 

Researchers reveal many educators have difficulty understanding the terminology and 

ways in which results are displayed in student data reports (Lukin et al., 2004; 

Underwood et al., 2010; Zapata-Rivera & VanWinkle, 2010; Zwick et al., 2008). 

Common report formats communicate poorly and thus communicate misinformation 

because their creators do not know how to communicate intended messages (Few, 2008). 

For example, score reports for administrators are frequently not designed in ways that are 

easy for administrators to interpret (VanWinkle et al., 2011). Because there are many 

readers of reports, reports must include sufficient information to maximize the accuracy 

of their interpretations, explanations, clearer titles, and more guidance on where to read 

first, in a way that helps all users (Hattie, 2010). 

Not a criticism of educators. These data analysis difficulties should not be 

mistaken as criticisms of educators, and the problem should not be mistaken as failure on 

the part of educators. Rather, evidence suggests educators represent highly skilled and 

intelligent individuals whose school districts are predominantly employing research-

based recommendations to which they have access to improve data use. 

For example, 99% of American teachers have bachelor’s degrees, 48% have 

master’s degrees, and over 7% have more advanced graduate degrees (Papay, Harvard 
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Graduate School of Education, 2007). In addition, evidence suggests educators are 

generally embracing data and technology use. For example, most educators are eager to 

analyze and then act on the data they see (Hattie, 2010; van der Meij, 2008), teachers 

indicated overwhelming support for using technology to improve learning, and 85% of 

teachers reported daily use of technology to support teaching (Bill and Melinda Gates 

Foundation, 2012). Furthermore, most schools and districts are already following 

recommendations within their control (e.g., PD and staff supports) to improve their data 

use. For example, districts devote between 1% and 8% of their operating budgets to 

providing professional learning (Killion & Hirsh, 2012), and 85% of principals indicate it 

is very important for them to be able to use student achievement data to improve 

instruction (Metropolitan Life Insurance Company, 2013). Likewise, 59% of the 211 

participants in this Over-the-Counter Data’s Impact on Educators’ Data Analysis 

Accuracy study indicated they had underdone at least some PD in the past year devoted 

specifically to how to analyze student data. 

This study was not based on the misconception data analysis errors are due to 

flaws in the educators who make them. Rather, it is based on recognition that a 

population surpassing the general public in schooling and intellect yet still struggling 

with data analyses, despite its own efforts to rectify the problem, might be using tools 

that are inherently flawed in their ability to render accurate analyses. Educators use data 

system-generated reports to make decisions that impact students (VanWinkle, Vezzu, & 

Zapata-Rivera, 2011). Data systems and their reports are the tools educators use to 

analyze data. Thus this study investigates the data system reporting environment. 
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In order to improve data use, practitioners and researchers need to gather 

empirical evidence to support different ways in which data is reported (Lyrén, 2009). 

Education stakeholders need to look for ways in which the data analysis tools educators 

use might be improved in order to better serve these educators and the students they work 

to help. This study contains evidence of specific ways current data systems are 

contributing to educators’ failed data analyses and of specific ways these data systems 

can be improved to render more accurate analyses when used by educators. 

Theoretical framework summary. Many educators struggle to understand how 

to translate data into specific actions (Cho & Wayman, 2009; Ingram, Louis, & 

Schroeder, 2004; Supovitz & Klein, 2003; Wayman & Cho, 2009). This problem persists 

despite educators’ advanced academic backgrounds and efforts to improve their own data 

use. Data systems can provide solutions to the problem of educators’ flawed data 

analyses, but they commonly do not (Marsh, Pane, & Hamilton, 2006). 

The vast majority of stakeholders who need to use data to comprehend and raise 

student achievement are not trained statisticians, and they need additional information to 

teach them how to understand the data they view and how to use and apply the data to 

decision-making that can help students succeed (DQC, 2009). The researcher of this 

study sought to determine how data systems can provide this needed information to 

facilitate more accurate data-informed decision-making for the benefit of students 

impacted by those decisions. 

Research Questions 

Research questions were used to explore the impact of three variables on data 

analysis accuracy: (a) labeling in the form of brief, cautionary verbiage in report footers; 
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and (b) supplemental documentation in the form of report abstracts and (c) interpretation 

guides. All three of these data analysis supports hold potential to improve educators’ 

data-based conclusions, yet their prospective impact had not yet been measured. Thus 

research questions Q2a, Q3a, and Q4a, with null and alternative hypotheses for each, 

were designed to measure the supports’ precise impact on educators’ data analysis 

accuracy. Research question Q1, with null and alternative hypotheses, was designed to 

measure the precise impact of these supports on educators’ data analysis accuracy, in 

terms of exposure to or use of any one of the supports. Currently, educators make 

frequent analysis errors when drawing data-based conclusions. Educators then use those 

conclusions to shape decisions and actions that impact students. Thus these research 

questions, which were used to determine ways in which data systems can better facilitate 

accurate data analyses, hold potential to help researchers – and those with which they 

communicate – to help students. 

In order to thoroughly adhere to the study’s theoretical framework, research 

questions also addressed framing (see the Chapter 2: Literature Review: Behavioral 

Economics and Data-Informed Decision-Making: Framing section for an explanation of 

the term), which was another key reason behind the necessity of this study. Each of the 

three data analysis supports with which this study’s research questions were concerned 

were framed in two different formats within handouts given to study participants. This 

was done because the best way in which to frame analysis support within a data system to 

specifically improve educators’ analyses had not yet been determined. Suggested ways to 

present analysis guidance in footers, abstracts, and interpretation guides was utilized in 

this study, but the best manner in which to frame these resources had not yet been 
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determined in regards to direct impact on analysis accuracy. Thus research questions 

Q2b, Q3b, and Q4b, with null and alternative hypotheses for each, were designed to 

measure the precise impact the supports’ framing has on educators’ data analysis 

accuracy. Educators’ likelihood of using each of these supports was also factored into the 

answer for each of these questions. Thus the study’s spectrum of research questions fills a 

void in education field literature by containing evidence that can be used to identify not 

only whether – and to what extent – data systems can help increase data analysis 

accuracy by providing analysis support within data systems and their reports, but also 

how those supports can best be provided. 

Additional variables that could possibly have impacted educators’ likelihood of 

using the investigated supports and/or educators’ data analyses were also examined to 

help better understand the implications of findings in regards to all the research questions 

discussed above. For example, higher need student populations are sometimes thought to 

prompt educators to use data more frequently and thus with more success. Thus variables 

concerning relevant school site demographics were addressed by research questions Q5a, 

Q5b, Q5c, Q5d, Q5e, and Q5f, all of which measure each group’s data analysis accuracy. 

As another example, one might wonder if educator veteran status rendered some 

educators to more frequently use added guidance than other educators, or to analyze data 

with more success. Thus relevant participant characteristics were addressed by the 

researcher with research questions Q6a, Q6b, Q6c, Q6d, and Q6e, all of which measure 

each group’s data analysis accuracy. Educators’ likelihood of using the investigated 

supports was also factored into the answer for each question discussed above. 
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Q1. What impact does data analysis guidance accompanying a data system report 

in the form of footer, abstract, or interpretation guide have on how frequently educators 

draw accurate conclusions concerning student achievement data? 

Q2a. What impact does a footer with analysis guidelines on a data system report 

have on how frequently educators draw accurate conclusions concerning student 

achievement data? 

Q2b. What impact does the manner in which a footer is framed, in terms of 

moderate differences in length and text color, have on its ability to impact the frequency 

with which educators draw accurate conclusions concerning student achievement data? 

Q3a. What impact does providing a report abstract, such as a one-page reference 

sheet with report purpose and data use warnings specific to the report it accompanies, 

with a data system report have on how frequently educators draw accurate conclusions 

concerning student achievement data? 

Q3b. What impact does the manner in which an abstract is framed, in terms of 

moderate differences in density and header color, have on its ability to impact the 

frequency with which educators draw accurate conclusions concerning student 

achievement data? 

Q4a. What impact does providing an interpretation guide, such as a two-sided 

reference sheet with analysis guidance and examples specific to the report it 

accompanies, with a data system report have on how frequently educators draw accurate 

conclusions concerning student achievement data? 

Q4b. What impact does the manner in which an interpretation guide is framed, in 

terms of moderate differences in length and information quantity, have on its ability to 
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impact the frequency with which educators draw accurate conclusions concerning student 

achievement data? 

Q5a. What impact does an educator’s school site level type (i.e., elementary or 

secondary) have on the frequency with which he or she draws accurate conclusions 

concerning student achievement data? 

Q5b. What impact does an educator’s school site level (i.e., elementary, 

middle/junior high, or high school) have on the frequency with which he or she draws 

accurate conclusions concerning student achievement data? 

Q5c. What impact does an educator’s school site academic performance, as 

measured by the 2012 Growth Academic Performance Index (API), which is the 

California state accountability measure, have on the frequency with which he or she 

draws accurate conclusions concerning student achievement data? 

Q5d. What impact does an educator’s school site English Learner (EL) population 

have on the frequency with which he or she draws accurate conclusions concerning 

student achievement data? 

Q5e. What impact does an educator’s school site Socioeconomically 

Disadvantaged population have on the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

Q5f. What impact does an educators’ school site Students with Disabilities 

population have on the frequency with which he or she draws accurate conclusions 

concerning student achievement data? 

Q6a. What impact does an educator’s veteran status have on the frequency with 

which he or she draws accurate conclusions concerning student achievement data? 
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Q6b. What impact does an educator’s current professional role (e.g., teacher, 

site/school administrator, etc.) have on the frequency with which he or she draws 

accurate conclusions concerning student achievement data? 

Q6c. What impact does an educator’s perception of his or her own data analysis 

proficiency impact the frequency with which he or she draws accurate conclusions 

concerning student achievement data? 

Q6d. What impact does an educator’s professional development over the past 

year, devoted specifically to how to analyze student data, have on the frequency with 

which he or she draws accurate conclusions concerning student achievement data? 

Q6e. What impact does the number of graduate-level educational measurement 

courses an educator has taken have on the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

Hypotheses 

H10. The null hypothesis was that accompanying a report with a support 

containing analysis guidance in the form of footer, abstract, or interpretation guide would 

not have a positive impact on the frequency of accurate conclusions educators drew 

concerning student achievement data. 

H1a. The alternative hypothesis was that accompanying a report with a support 

containing analysis guidance in the form of footer, abstract, or interpretation guide would 

have a positive impact on the frequency of accurate conclusions educators drew 

concerning student achievement data. 
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H2a0. The null hypothesis was that accompanying a report with a supportive 

footer containing analysis guidance would not have a positive impact on the frequency of 

accurate conclusions educators drew concerning student achievement data. 

H2aa. The alternative hypothesis was that accompanying a report with a 

supportive footer would have a positive impact on the frequency of accurate conclusions 

educators drew concerning student achievement data. 

H2b0. The null hypothesis was that the manner in which a footer was framed, in 

terms of moderate differences in length and text color, would not have an impact on the 

frequency with which educators drew accurate conclusions concerning student 

achievement data. 

H2ba. The alternative hypothesis was that the manner in which a footer was 

framed, in terms of moderate differences in length and text color, would have an impact 

on the frequency of accurate conclusions educators drew concerning student achievement 

data. 

H3a0. The null hypothesis was that including a report abstract with a data system 

report would not have a positive impact on the frequency with which educators drew 

accurate conclusions concerning student achievement data. 

H3aa. The alternative hypothesis was that including a report abstract with a report 

would have a positive impact on the frequency of accurate conclusions educators drew 

concerning student achievement data. 

H3b0. The null hypothesis was that the manner in which an abstract was framed, 

in terms of moderate differences in density and header color, would not have an impact 
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on the frequency with which educators drew accurate conclusions concerning student 

achievement data. 

H3ba. The alternative hypothesis was that the manner in which an abstract was 

framed, in terms of moderate differences in density and header color, would have an 

impact on the frequency of accurate conclusions educators drew concerning student 

achievement data. 

H4a0. The null hypothesis was that including an interpretation guide with a data 

system report would not have a positive impact on the frequency with which educators 

drew accurate conclusions concerning student achievement data. 

H4aa. The alternative hypothesis was that including an interpretation guide with a 

report would have a positive impact on the frequency of accurate conclusions educators 

drew concerning student achievement data. 

H4b0. The null hypothesis was that the manner in which an interpretation guide 

was framed, in terms of moderate differences in length and information quantity, would 

not have an impact on the frequency with which educators drew accurate conclusions 

concerning student achievement data. 

H4ba. The alternative hypothesis was that the manner in which an interpretation 

guide was framed, in terms of moderate differences in length and information quantity, 

would have an impact on the frequency of accurate conclusions educators drew 

concerning student achievement data. 

H5a0. The null hypothesis was that an educator’s school site level type (i.e., 

elementary or secondary) would have an impact on the frequency of accurate conclusions 

he or she drew concerning student achievement data. 
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H5aa. The alternative hypothesis was that an educator’s school site level type 

(i.e., elementary or secondary) would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

H5b0. The null hypothesis was that an educator’s school site level (i.e., 

elementary, middle/junior high, or high school) would have an impact on the frequency 

of accurate conclusions he or she drew concerning student achievement data. 

H5ba. The alternative hypothesis was that an educator’s school site level (i.e., 

elementary, middle/junior high, or high school) would not have an impact on the 

frequency of accurate conclusions he or she drew concerning student achievement data. 

H5c0. The null hypothesis was that an educator’s school site academic 

performance, as measured by the 2012 Growth Academic Performance Index (API), 

which is the California state accountability measure, would have an impact on the 

frequency of accurate conclusions he or she drew concerning student achievement data. 

H5ca. The alternative hypothesis was that an educator’s school site academic 

performance, as measured by the 2012 Growth Academic Performance Index (API), 

which is the California state accountability measure, would not have an impact on the 

frequency of accurate conclusions he or she drew concerning student achievement data. 

H5d0. The null hypothesis was that an educator’s school site English Learner 

(EL) population would have an impact on the frequency of accurate conclusions he or she 

drew concerning student achievement data. 

H5da. The alternative hypothesis was that an educator’s school site English 

Learner (EL) population would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 
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H5e0. The null hypothesis was that an educator’s school site Socioeconomically 

Disadvantaged population would have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

H5ea. The alternative hypothesis was that an educator’s school site 

Socioeconomically Disadvantaged population would not have an impact on the frequency 

of accurate conclusions he or she drew concerning student achievement data. 

H5f0. The null hypothesis was that an educator’s school site Students with 

Disabilities population would have an impact on the frequency of accurate conclusions he 

or she drew concerning student achievement data. 

H5fa. The alternative hypothesis was that an educator’s school site Students with 

Disabilities population would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

H6a0. The null hypothesis was that an educator’s veteran status would have an 

impact on the frequency of accurate conclusions he or she drew concerning student 

achievement data. 

H6aa. The alternative hypothesis was that an educator’s veteran status would not 

have an impact on the frequency of accurate conclusions he or she drew concerning 

student achievement data. 

H6b0. The null hypothesis was that an educator’s current professional role (e.g., 

teacher, site/school administrator, etc.) would have an impact on the frequency of 

accurate conclusions he or she drew concerning student achievement data. 
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H6ba. The alternative hypothesis was that an educator’s current professional role 

(e.g., teacher, site/school administrator, etc.) would not have an impact on the frequency 

of accurate conclusions he or she drew concerning student achievement data. 

H6c0. The null hypothesis was that an educator’s perception of his or her own 

data analysis proficiency would be related to the frequency of accurate conclusions he or 

she drew concerning student achievement data. 

H6ca. The alternative hypothesis was that an educator’s perception of his or her 

own data analysis proficiency would not be related to the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

H6d0. The null hypothesis was that an educator’s professional development over 

the past year, devoted specifically to how to analyze student data, would have an impact 

on the frequency of accurate conclusions he or she drew concerning student achievement 

data. 

H6da. The alternative hypothesis was that an educator’s professional development 

over the past year, devoted specifically to how to analyze student data, would not have an 

impact on the frequency of accurate conclusions he or she drew concerning student 

achievement data. 

H6e0. The null hypothesis was that an educator’s number of graduate-level 

educational measurement courses would have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

H6ea. The alternative hypothesis was that an educator’s number of graduate-level 

educational measurement courses would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 
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Nature of the Study 

This experimental, quantitative study measured how effective three data analysis 

supports, which are found in some data systems and can be added to others, are in 

improving educators’ data analysis accuracy: (a) labeling in the form of brief, cautionary 

verbiage in data system report footers; (b) supplemental documentation in the form of 

report abstracts that can be reached via link in a data system and can also be printed to 

accompany printed reports, and (c) supplemental documentation in the form of 

interpretation guides that can be reached via link in a data system and can also be printed 

to accompany printed reports. Participants answered survey questions regarding student 

data reports they received, which featured varying levels and forms of analysis guidance. 

In addition to establishing the data analysis accuracy rendered by educators using reports 

with no added supports, the survey was used to measure the specific impact the three 

above-listed variables (a-c) have on educators’ data analysis accuracy. 

The researcher employed a cross-sectional sampling procedure when 

incorporating responses from 211 educators of all school levels spanning transitional 

kindergarten (TK) through twelfth grade, at all veteran levels, working in varied roles, 

and at schools with a range of demographics. These educators were employed at nine 

schools, six school districts, six cities, and three counties in California. Conclusions did 

not rely on participants’ preferences or perceived value of supports, but rather were based 

on how the supports impacted participants’ answers to data analysis questions based on 

data system reports. The findings of this study can be used to identify whether, how, and 

to what extent data systems can help increase data analysis accuracy by providing 
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analysis support within data systems and their reports, and thus fill a void in education 

field literature. 

Significance of the Study 

The FDA directs the pharmaceutical industry to accompany over-the-counter 

medication with textual guidance regarding its use but to also provide solid evidence on 

how effective its labeling is in reducing errors; to proceed without such research is 

considered negligent (DeWalt, 2010). Despite the common use of data systems to 

generate reports, research on aspects of report format and system support that could 

enhance analysis accuracy is scarce (Goodman & Hambleton, 2004). Research that was 

devoted to data system and report format, including how effectively this format 

communicates data to users, focuses on participants’ preferences and participants’ 

perceived value of supports. However, user preference can be the opposite of the 

reporting format that actually renders the more accurate interpretation (Hattie, 2010).   

This study was used to examine how effective varied analysis supports are in 

improving data analysis accuracy, and it did not rely on participants’ preferences or 

perceived value of supports. The findings of this study fill a void in education field 

literature by containing evidence that can be used to identify whether, how, and to what 

extent data systems can help increase data analysis accuracy by providing analysis 

support within data systems and their reports. Improvements data system and report 

providers make in light of this study have the potential to improve the accuracy with 

which educators analyze the data generated by their data systems. More accurate data 

analyses will likely result in more accurate data-informed decision-making for the benefit 

of students. 
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Definition of Key Terms 

Abstract. Please see Report Abstract. 

Accountability. State and federal accountability systems aim to improve student 

performance by pairing academic goals and standards with incentives for schools and 

districts, and they have increased in importance and pressure since the 2001 No Child 

Left Behind (NCLB) Act and the 2002 Elementary and Secondary Education Act (ESEA) 

(Gross & Goertz, 2005). 

Achievement. Achievement constitutes what an individual has learned; in 

education, this refers to what a student has learned in school (Airasian, 2000). 

Assessment. Assessment describes the process of using information about 

students and instruction to assist making decisions in and about the classroom (Airasian, 

2000). 

Mean/Average Percent Correct. The mean/average percent correct is acquired 

by totaling the number of questions all students with valid scores answered correctly for a 

test or reporting cluster, also called their raw scores, then dividing that number by the 

number of students with valid scores, then dividing that number by the total number of 

test questions for the test or reporting cluster, and then multiplying that number by 100 

(California Department of Education, 2011). 

California Standards Test (CST). The CST measures student performance on 

California content standards and constitutes the largest component of California’s 

Standardized Testing and Reporting (STAR) Program (California Department of 

Education, 2011). 
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Choice Architecture. Choice Architecture refers to the organization of the 

context within which people make decisions, which greatly impacts decision-making 

(Thaler & Sunstein, 2008). 

Dashboard.  A dashboard is a visual and typically graphical display of the most 

important info a user needs, arranged on a single screen so it can be viewed at a glance 

(Few, 2006). 

Data Literacy. Data literacy refers to one’s ability to understand data and ask 

appropriate questions in relation to it (U.S. Department of Education Institute of 

Education Sciences National Center for Education Evaluation and Regional Assistance 

[USDEIESNCEE], 2009). 

Data Mining. In education, data mining involves developing tools to discover 

patterns in education data, such as the learning of one-digit multiplication, in order to 

make predictions and appropriate plans of action (U.S. Department of Education Office 

of Educational Technology, 2012). 

Data System. A data system is a computer system that aims to provide educators 

with student data to help solve educational problems (Wayman, 2005). Decision support 

systems (DSSs), data warehouses, and data marts can all be data systems, though these 

three systems each differ from one another (NFES, 2006). Other examples of data 

systems include student information systems (SISs), assessment systems, instructional 

management systems (IMSs), and data-warehousing systems, but distinctions between 

different types of data systems are blurring as these separate systems begin to serve more 

of the same functions (Bill and Melinda Gates Foundation, 2007). 
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Data Teams. A data team is a school-based group of educators who analyze data 

together to help one another in the data’s analysis and use (USDEIESNCEE, 2009). 

Data-Informed Decision-Making. Data-informed decision-making refers to the 

collection and analysis of data to guide decisions that improve student success 

(USDEIESNCEE, 2009). While data-driven decision-making is a more common term, 

data-informed decision-making is a preferable term since decisions should not be based 

solely on quantitative data (Knapp, Swinnerton, Copland, & Monpas-Hubar, 2006; 

USDEOPEPD, 2009). 

Education. Education describes the institution or process designed to positively 

impact students in specific ways (Airasian, 2000). 

G*Power 3. G*Power 3 programs facilitate statistical power analyses conducted 

in varied scientific fields (Faul, Erdfelder, Lang, & Buchner, 2007). 

Help System. A computer-based help system stores supporting information, 

facilitates the search for supporting information, and retrieves information appropriate to 

each situation (Inoue & Tagawa, 2006). 

Interpretation Guides. Also called interpretive guides, interpretation guides 

accompany some reports to answer questions users might have concerning the reports, 

such as by explaining the test purpose, term definitions, scoring guides, how to read the 

report, etc. (Goodman & Hambleton, 2004).  An interpretation guide can also be thought 

of – and called – a reference guide. 

Learning Analytics. Learning analytics involves applying tools to discover 

patterns in education data, such as in classrooms or schools, in order to make predictions 
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and appropriate plans of action (U.S. Department of Education Office of Educational 

Technology, 2012). 

Longitudinal Data. Longitudinal student data is collected over time to facilitate 

more thorough analyses of student performance than partial histories would offer 

(USDEOPEPD, 2010). 

Measurement. Measurement is defined as the process of assigning numbers or 

categories to performance based on specific rules and standards (Airasian, 2000). When 

teachers’ understanding of data use concepts was studied, 80% demonstrated an 

understanding of measurement error, and 37% an understanding of multiple measures 

(though only 1 case study teacher spoke explicitly of the need for multiple measures) 

(USDEOPEPD, 2011). 

NAEP. Mandated by Congress in 1969, the National Assessment of Educational 

Progress (NAEP) has been used to monitor student achievement countrywide (NRC, 

2001). 

No Child Left Behind (NCLB) Act of 2001. NCLB carried a federal mandate for 

schools, districts, and states to raise and report on student performance and called 

attention to the potential of data use to improve student achievement (Wayman, 2005). 

Percent Correct. Percent correct is acquired by dividing the total number of 

questions answered correctly for a test or reporting cluster, also called the raw score, then 

dividing that number by the total number of test questions for the test or reporting cluster, 

and then multiplying that number by 100 (California Department of Education, 2011). 

Performance Levels. Every scale score on a California state assessment 

translates to one of five performance levels (California Department of Education. 2011). 
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Professional Development (PD). Successful professional development (PD) 

provides educators with a continual process of learning and improvement through 

multiple strategies, ranging from online training to traditional workshops (Southern 

Regional Education Board, 2009). 

Report. Please see Score Report.  

Report Abstract. Also called a summary, an abstract summarizes a report’s main 

points, clarifies the report’s scope, and serves as an advance organizer, helping the user to 

mentally structure the report’s many details (Aschbacher & Herman, 1991). The abstract 

provides supplemental information such as the report’s description, purpose, intended 

audience, content, format, and cautionary information concerning data misconceptions 

and use (Illuminate Education, 2012). A report abstract can also be thought of – and 

called – a reference sheet. 

Scale Score. A scale score is a raw score that has been altered/scaled to account 

for differing difficulties from one administration year to the next so that performance 

from different years on the same test may be compared, as percent correct and raw scores 

do not allow for this (California Department of Education. 2011). 

Score Report. Score reports communicate test results to stakeholders in a variety 

of ways that should be easy to use and understand (De Jong & Zheng, 2011). Graphics 

are a recommended component for score reports (Hattie, 2010; NRC, 2001; VanWinkle 

et al., 2011). 

Standardized Assessment. Standardized assessment is a test that is administered 

and scored in the same manner for all students taking the test, and thus all students’ 

results on the test may be interpreted in the same way (Airasian, 2000). 
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Standardized Testing and Reporting (STAR) Program. California’s STAR 

Program consists of four components for students in grades 2-11: California Standards 

Tests (CSTs) for students without disabilities, California Modified Assessment (CMA) 

for students with disabilities but not severe cognitive impairments, California Alternate 

Performance Assessment (CAPA) for students with severe cognitive impairments, and 

Standards-based Tests in Spanish (STS) for some English Learners (ELs) (California 

Department of Education, 2011). 

Test. Like an assessment, a test is a methodical procedure for obtaining a sample 

of student performance (Airasian, 2000). 

User. Underwood, Zapata-Rivera, and VanWinkle, (2008) noted users of data 

systems vary in needs; for example, teachers might be “novice users” (p. i) who lack 

computer experience, “tech-ready users” (p. i) with more computer experience or a desire 

to investigate data, or “tech-savvy users” (p. i) wanting to access all data system features. 

Summary 

While a doctor isn’t present to explain an over-the-counter medication’s use, 

medicine bought in a store comes with a detailed label outlining its purpose, ingredients, 

dosage instructions, and dangers, as well as supplemental documentation offering more 

room to expound upon the contents’ recommended use. It would be negligent to sell 

medicine without such guidance on how to use it wisely, as this would risk the lives of 

those the medicine is used to treat (Brown-Brumfield & DeLeon, 2010, DeWalt, 2010). 

Meanwhile, educators are using data to treat students, yet they are operating without the 

data-equivalent to over-the-counter medicine: reports generated in data systems typically 

contain insufficient labeling and documentation to guide users in the data’s use. The vast 
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majority of stakeholders who use student data are not trained statisticians, and they need 

the data they view to be accompanied with additional information to teach them how to 

understand and use the data (DQC, 2009). Yet educators are using data systems and data 

system reports that do not feature guidance on the data’s appropriate use, and they’re 

using it to inform decisions that impact students – much like ingesting medicine from an 

unmarked or marginally marked container or using such medicine to blindly treat the 

wellbeing of a child. Hampton (2007), Qin et al. (2011), and Clay (2012) offered or 

called for label recommendations similar to those recommended by the FDA for over-the-

counter medication labels. Label conventions can result in improved understanding on 

non-medication products, as well, if they are included (Hampton, 2007; Qin et al., 2011). 

Educators are in dire need of analysis help. There is strong evidence many users 

of data system reports have trouble understanding the data (Hattie, 2010; NRC, 2001; 

Wayman et al., 2010; Zwick et al., 2008). For example, in a national study of districts 

known for strong data use, only 48% of teachers correctly interpreted data 

(USDEOPEPD, 2009). It is unlikely teachers at districts where data use is less 

emphasized would make more accurate data analyses than those described in a study of 

districts considered exemplars of data use (USDEOPEPD, 2011). 

Research contains evidence that while PD and staff supports are beneficial to 

improving data use, these approaches are not without limitations, and they are not 

enough. In addition, the typical educator is analyzing data while alone, unaccompanied 

by a data expert when he or she makes data-driven decisions (USDEOPEPD, 2009). 

When these analyses take place, the educator is merely accompanied by the data system 
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and/or its reports. Even when analyses benefit from PD and staff supports, students 

deserve for educators to use all possible supports for improved analysis accuracy. 

Research on aspects of report format and system support that can improve 

analysis accuracy is scarce (Goodman & Hambleton, 2004). Research that was devoted to 

data system and report format focuses on participants’ preferences and participants’ 

perceived value of supports as opposed to measuring supports’ actual impact on 

interpretation. This study was used to examine exactly how effective varied analysis 

supports are in improving data analysis accuracy. The findings of this study contribute to 

literature in the field by helping to identify how data systems can help increase data 

analysis accuracy by providing analysis support within data systems and their reports. 

Due to the impact educators’ data analyses have on students, this means the findings have 

the potential to benefit students. It is the strong conviction of this researcher that students 

deserve for educators to use all possible supports for improved analysis accuracy in an 

effort to completely eliminate – rather than merely reduce – their data analysis errors 

when using those analyses to make decisions that impact students’ lives. 
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Chapter 2: Literature Review 

The purpose of this quantitative study was to investigate the degree to which 

including different forms of data usage guidance within a data system can improve 

educators’ understanding of the data content, much like including different forms of 

usage guidance with over-the-counter medication is needed to properly communicate 

how to use its contents. The literature review required the investigation of numerous 

topics related to the topic, as it incorporated research into data use, tools, and practices; 

data analysis accuracy problems; possible solutions to these problems; and limitations to 

solutions to these problems. Non-education topics like over-the-counter medication 

labeling and report design, which is not exclusive to education, were also explored. 

Because this study involves an analogy between over-the-counter medication 

labeling and similar labeling typically missing from student data systems and their 

reports, both education and medical research were explored. Printed publications, such as 

books and journals cited in this paper’s reference list, were utilized in addition to sources 

accessible through online searches. Education related topics involved the reading of 

literature tied to keywords such as analysis errors, analysis support, data analysis, data 

and assessment management, data-driven, data errors, data-informed, data management,  

data use, data system, footers, interpretive guide, interpretation guide, report abstract, 

report design, report format, and report use, as well as variations of these terms. The 

terms related to report design and use, which are not exclusive to education, were also 

explored in a non-education context. Terms related to decision-making and not exclusive 

to education, such as behavioral economics, were also incorporated into the review. 

Solutions for improved data use that arose – such as data dialogue, data discussions, data 



44 
 

team, data expert, instructional coach, leadership, PD, and Professional Learning 

Community (PLC) – were further explored to determine the approaches’ comprehension 

and success. Medical and pharmaceutical topics involved the reading of literature tied to 

keywords such as directions, Food and Drug Administration requirement, instructions, 

labeling, labels, over-the-counter, medication, medicine, and safety, as well as variations 

of these terms. The literature search strategy involved the use of numerous research 

databases and mainly included: 

 California Teachers Association (CTA) California Educator Archives 

(http://legacy.cta.org/media/publications/educator/archives/California+Educator+

Archives.htm) 

 Center on Education Policy (www.cep-dc.org) 

 Ebrary (www.ebrary.com) 

 EBSCOhost (www.ebscohost.com), which includes MEDLINE 

 Education and Information Technology Digital Library (EdITLib) 

(www.editlib.org) 

 Education Resources Information Center (ERIC) (www.eric.ed.gov) 

 GALE CENGAGE Learning Academic OneFile 

(www.gale.cengage.com/PeriodicalSolutions/academicOnefile.htm) 

 Google Scholar (http://scholar.google.com) 

 Institute of Education Sciences (IES): National Center for Education Statistics 

(NCES) Publications and Products (www.nces.ed.gov/pubsearch) 

 The Journal of the American Medical Association (JAMA) 

(http://jama.jamanetwork.com/journal.aspx) 

http://legacy.cta.org/media/publications/educator/archives/California+Educator+Archives.htm
http://legacy.cta.org/media/publications/educator/archives/California+Educator+Archives.htm
http://www.cep-dc.org/
http://www.ebrary.com/
http://www.ebscohost.com/
http://www.editlib.org/
http://www.eric.ed.gov/
http://www.gale.cengage.com/PeriodicalSolutions/academicOnefile.htm
http://scholar.google.com/
http://www.nces.ed.gov/pubsearch
http://jama.jamanetwork.com/journal.aspx
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 National Association of Elementary School Principals (NAESP) Archives 

(http://www.naesp.org/principal-archives) 

 National Association of Secondary School Principals (NASSP) Knowledge 

Center (http://www.nassp.org/knowledge-center) 

 Online Educational Research Journal (OERJ) http://www.oerj.org 

 ProQuest (www.proquest.com) 

 Public Impact (www.publicimpact.com) 

 RefWorks (www.refworks.com) 

 Sage Journals (www.sagepub.com/journals.nav) 

 Sage Reference (www.sage-ereference.com) 

 Teachers College Record (www.tcrecord.org) 

 University of Texas at Austin: Department of Educational Administration, 

College of Education Data Use Publications 

(http://edadmin.edb.utexas.edu/datause/publications.htm) 

 U.S. Department of Education (http://find.ed.gov) 

 Wiley Online Library, which includes British Journal of Education Technology 

(BJET) (http://onlinelibrary.wiley.com) 

This study’s researcher also initiated dialogue with researchers of previous, 

relevant studies. For example, in 2011 she attended a one-day Presenting Data and 

Information course at the Westin San Francisco Market Street by Edward Tufte. In 2012 

this study’s researcher visited with Dr. Jeffrey C. Wayman at his workplace at the 

University of Texas at Austin, attended one of his courses, and discussed his and her 

research. In 2013 this study’s researcher conversed with Faris M. Sabbah via email 

http://www.naesp.org/principal-archives
http://www.nassp.org/knowledge-center
http://www.oerj.org/
http://www.proquest.com/
http://www.publicimpact.com/
http://www.refworks.com/
http://www.sagepub.com/journals.nav
http://www.sage-ereference.com/
http://www.tcrecord.org/
http://edadmin.edb.utexas.edu/datause/publications.htm
http://find.ed.gov/
http://onlinelibrary.wiley.com/
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concerning his research through San Francisco State University; California State 

University, East Bay; and San Jose State University, as well as hers. Also in 2013, this 

study’s researcher attended an interactive, online interview with John Hattie (John Hattie 

on What Actually Works in Schools to Improve Learning ) conducted by Steve Hargadon 

through the Future of Education (Hattie & Hargadon, 2013). 

The literature review begins with an introduction that provides background 

information concerning the topic as it relates to research and also introduces the main 

literature review findings. Next, a more extensive history is given of research on data 

systems, their reports, their use, and findings concerning the most effective ways of 

improving the accuracy of educators’ data analyses. A section is then devoted to national 

reporting standards that feature specific recommendations for how educational data 

should be displayed and communicated, as this constitutes an important piece of the 

topic’s history. The current state of educators’ data analysis skills are then explored in 

relation to the literature, as this illustrates the data analysis accuracy problem this study 

was  to help solve. Controversy concerning the best way to improve data analysis 

accuracy is then detailed, focusing on the two theories that dominate most literature on 

the topic: PD and staff supports, with the latter including such resources as site leaders, 

data teams, data experts, and/or instructional coaches. However, these supports outside of 

the data systems are not enough, as the next section highlights. The literature review 

builds to three questions that remain unanswered by current research, and each has its 

own section. Unanswered Question 1 covers content, as there are conflicting findings 

concerning what additional analysis information should be included with data reports. 

Unanswered Question 2 covers quantity, as research contains evidence not all 
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recommendations should be included since the magnitude can overwhelm educators and 

lead to less success than the inclusion of fewer details. Unanswered Question covers the 

impact of each component on analysis accuracy, since not every recommendation may be 

accommodated, and research is needed to determine how likely each data system support 

is to increase analysis accuracy. Finally, this literature review concludes with a summary 

of findings and key points that are essential to this study. 

Introduction 

Recommendations concerning the best ways to display data have been around for 

many years, with William Playfair’s work from the 1700s and 1800s being the most 

influential (Wainer, 1992). Large-scale assessments have been a component of U.S. 

education since the 1800s and have been widespread since the 1920s (Hamilton & 

Koretz, 2002). Thus research on the best ways to present assessment data so as to 

improve analysis preceded the rise of student data systems, which accompanied and grew 

with the Internet’s appearance in school districts in the 1980s (see the Chapter 2: 

Literature Review: History of Specific Research Contributions section for a historic 

timeline of research contributions on reporting problems and recommendations for 

improving report design). The NCLB Act of 2001 increased pressure on educators to 

raise student achievement, which increased the demand for data systems that facilitate 

analysis of educational data (USDEOPEPD, 2009). NCLB led to reports for multiple 

subjects being distributed at the state, district, school, subgroup, and student levels for 

parents and teachers of 22 million students per year, yet the reports are not in accordance 

with any nationally recognized reporting standards (Hattie, 2010). 
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The literature contained evidence of controversy concerning the best way to 

improve data analysis accuracy, but also evidence that supports outside data systems are 

not enough and more research is needed to improve data systems and their reports. More 

research needs to be done to specifically investigate how reports can better facilitate 

correct interpretations by its users (Hattie, 2010). Even within data system and report 

research, findings offered controversy concerning the recommended content and quantity 

of analysis support. Findings also fell short of concrete evidence for best practices, as 

studies adhered to the common approach of examining educator reporting preferences as 

opposed to measuring reporting options’ impact on analysis accuracy. Thus findings were 

inadequate in some areas and conflicting in others. Appropriately, the literature also 

specifically states more research is needed on the topics of better communicating student 

data such as test results, and on improving educators’ data analysis accuracy. The Over-

the-Counter Data’s Impact on Educators’ Data Analysis Accuracy study addressed both 

of those research topics within the context of analysis guidance that data systems and 

their reports can provide. 

History of Specific Research Contributions 

Although the Over-the-Counter Data’s Impact on Educators’ Data Analysis 

Accuracy study concerned how data is generated in online data systems, which 

accompanied the Internet’s increasing appearance in school districts in the 1980s, the 

type of reports these systems generate typically involve a traditional, printable report 

format. Thus research concerning ideal report format and data delivery that predate this 

technological age can be applicable. However, such a history could date back to at least 

the 1800s and comprise a thick book. Thus this literature history will include the most 
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influential research publications from the last two decades. Also, the masses began using 

personal computers around 1990 (Leeson, 2006). Since online student data systems are 

used on computers and accessed from classrooms, offices, and homes, this makes the 

1990s an even more appropriate time period with which to begin this literature review’s 

history. 

The majority of literature on educators’ data analysis accuracy and related topics 

does not include mention of the role in which the design and/or features of data systems 

and their reports can impact that accuracy. Thus specific bodies of research stand out as 

key milestones in the evolution of research on the topic. This section is meant to profile 

the most important publications in the field in regards to the study’s topic while providing 

a sense of how these contributions built upon one another over time. Thus paragraphs in 

this section only (below) are devoted mainly to specific publications. However, this 

section is only one of 12 sections in the literature review, and the remaining 11 sections 

of the literature review organize assorted research sources around specific subtopics such 

as themes and unanswered questions, as opposed to adhering to a timeline format. 

1991. Aschbacher and Herman. By the early 1990s there was little research on 

the data system’s impact on data analysis accuracy, yet some attention was given to the 

types of reports data systems generate. For example, prompted by research on the 

common failures of assessment reports and by the lack of research on the manner in 

which results are presented to intended audiences, a study of reporting practices in 30 

U.S. states resulted in reporting guidelines such as including information directly on 

graphs and tables rather than requiring users to look elsewhere for help, as well as the use 

of footnotes and explanations (Aschbacher & Herman, 1991). The research team 
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compiled a list of report details that could help educators use data and avoid errors when 

doing so. These included considering the report’s audience and purpose; using summaries 

or abstracts; “chunking” information in nine or fewer categories; being comprehensive 

and balanced; capturing and focusing the user’s attention with color-coding, graphs, or 

question and answer headings; including explanatory footnotes; avoiding excessive 

negative wording; using a format appropriate for the report’s purpose; pairing data with 

words since users more easily recall words than numbers; using consistent displays in 

cases where it is appropriately-suited to the data well; including titles, headings, and 

footnotes on graphical and tabular displays; keeping titles concise but unique; labeling 

information directly on charts whenever legends can be avoided; and selecting some 

graph types over others due to ease of use. Aschbacher and Herman (1991) also 

recommended providing all information needed for an analysis on one page, arguing that 

placing information on separate pages will interfere with users’ ability to make 

connections between the data and information contained on them. Other research 

professes the benefits of separate-page abstracts and guides. This discrepancy thus 

constitutes another controversy that findings from the Over-the-Counter Data’s Impact 

on Educators’ Data Analysis Accuracy study help to answer. 

1992. Wainer. The American Educational Research Association (AERA) profiled 

how graphs and tables are interpreted and how tables should be displayed, and noted the 

easiest and most common way to test graph readability is to use elementary level 

questions that can be answered through data extraction (Wainer, 1992). AERA 

recommended graphs be included in reports to answer questions involving data 

extraction, trends, comparisons, and groupings, whereas tables should be used to 
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communicate data in a logical order, with rounded numbers in almost all cases for ease of 

use, and with summaries of rows and points to serve as crucial comparisons to other data 

in the table (Wainer, 1992). Though it was part of a piece on understanding graphs and 

tables, AERA’s contribution was important in its acknowledgement that the way data is 

displayed – rather than merely the educator viewing it – influences how the data is 

analyzed. Wainer later demonstrated the importance of this concept by writing a book on 

the same graphical topic (Wainer, 1997). 

1993-1996. Hambleton and Slater. Prompted by research by Jaeger (1992), Linn 

and Dunbar (1992), and Koretz and Deibert (1993) indicating National Assessment of 

Education Progress (NAEP) reports were being misinterpreted, interviews with 59 

educators and policymakers who expressed medium to high interest in national student 

achievement drew important lines between educator analysis errors and report design 

(Hambleton & Slater, 1996). Participants included 12 state education agency 

administrators, 17 Department of Education consultants and researchers, two education 

reporters, eight school administrators, seven legislators and related staff, and 13 national 

and regional education organization directors and assistants. Many of the interviewees 

demonstrated limited statistical knowledge and analysis errors and misunderstandings 

concerning the data were common, prompting a recommendation to reduce obstacles by 

field testing data displays, simplifying reports, and making each report easier for its 

intended audience to understand. Additional recommendations included avoiding overly 

complex tables, indicating cases where performance bands have been added together, 

including descriptive information and clear examples, providing users with an example of 

how to read each chart, making color differences clear, explaining bands within bars, and 
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only including legends when necessary. An encouraging finding was that when a report 

was explained, a different yet similar report was more easily understood than if the user 

had never had the initial report explained to him or her. 

Despite participants’ analysis difficulties, nearly all understood the data once it 

was explained to them, prompting a recommendation that an example of how to read 

each chart be included in addition to the directions already present above charts. Some 

interviewees referred to footers for explanations; however, they helped little due to 

statistical jargon, prompting the recommendation that reports be understandable without 

reference to text (Hambleton & Slater, 1996). This last finding is not without controversy 

in educational research, as not every piece of assessment data is simple enough to speak 

for itself and other researchers recommend footers, as detailed in this literature review. 

1997. Tufte. The author and speaker Edward Tufte emerged as a leading expert in 

data visualization, applying to report design as it influences the communication of data 

and information. In fact, some refer to Tufte as the “godfather of modern data 

visualization” (Schwabish & Schultz, 2013). Tufte (1997, 2001, 2006) asserted that poor 

displays interfere with users’ ability to read graphical displays. Other recommendations 

included providing details but keeping them concise, communicating both general and 

specific messages, featuring the actual numbers directly on graphs, making large data sets 

easy to comprehend, and using proximity to facilitate appropriate comparisons of 

disparate data sets. While Tufte regularly emphasized the pitfalls of clutter, he also 

recommended maximizing data density by presenting many numbers in a small space, 

and he encouraged report designers to do ‘whatever it takes’ to communicate intended 

messages (Tufte, 2011). He balanced and applied other conflicting ideas, as well, 
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demonstrating the flexibility needed in the ‘whatever it takes’ approach. Not exclusive to 

the field of education, Tufte (1997, 2001, 2006, 2011) contradicted other research in his 

encouragement of using uncommon displays rather than sticking exclusively to common 

table and graph types, which other research contains evidence educators have more 

success in correctly reading. 

1999. Zenisky, Hambleton, & Sireci. A report on how National Assessment of 

Educational Progress (NAEP) results are communicated in the Internet age named score 

reporting as the most challenging aspect facing test agencies, as opposed to merely 

crafting a quality test (Zenisky, Hambleton, & Sireci, 1999). NAEP reports have been a 

popular focus in education report design research, since NAEP is the national assessment 

system most U.S. schools administer at some point in time. A changing selection of 

schools from districts are selected for NAEP participation each year, and only some 

grades levels are selected to test, so there is not administration continuity from the 

schools’ standpoint; however, due to national exposure to the test, educators from 

different states are more likely to share familiarity with NAEP results than they are with 

results from state or local assessments (Gorman & National Center for Education 

Statistics [NCES], 2010). However, NAEP results are not available for individual 

students, classes, or school sites (Gorman & NCES, 2010), and educators’ limited and 

varying exposure to NAEP results leaves them less accustomed to working with NAEP 

data than that from their state or local assessments. Using NAEP results for a national 

study concerning data reporting is thus advantageous, whereas using state assessment 

results would be more advantageous for a study conducted in a single state. 
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Using NAEP reporting as an example, the literature called for the inclusion of 

context when reporting a score earned, such as group comparisons or descriptions of 

strengths, and noted the shift to online reporting as a chance to fundamentally change 

how student data is communicated (Zenisky et al., 1999). Like Hambleton and Slater 

(2006), the literature called for student data to be accompanied by information specific to 

the audience the report is meant to target, such as educators, parents, or the media. The 

report also cited the power of giving users interactive, web-based, creative, and 

innovative tools to accompany data reports, such as multimedia and clickable data, the 

ability to manipulate the format of tables or graphs, the ability to manipulate information 

such as score type, and the ability to manipulate result types such as aggregate level or 

gaps between subgroups. However, not everything online must be interactive, as there is 

value in downloadable files that present information in easy-to-print formats (Zenisky et 

al., 1999). This is an important point, as data analysis is often done with a data system’s 

reports but without all stakeholders actually using the data system online. For example, 

while some teachers (44%) use the data system directly, others (56%) have access but do 

not use the data system directly and instead only read printed versions of reports others 

used the data system to generate (Underwood et al., 2008). There is even evidence that 

such a practice is recommended for some users. Viewing a data system’s report on the 

computer versus printed can negatively impact how it is interpreted; for example, 

someone who correctly interprets a printed report can make mistakes when scrolling is 

involved, users are more likely to scan a report on a computer that they would read 

carefully when printed, and users’ inability to mark on the screen can reduce the 

credibility users attribute to reports (Hattie, 2010; Leeson, 2006). 
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The NAEP studies involved researchers asking varied NAEP audiences to 

comment on their reporting interests and preferences (Zenisky et al., 1999). This has been 

the prevailing approach in data system and report design research, where studies have 

examined which formats users prefer rather than which formats are shown to increase 

users’ accuracy when analyzing data contained in data systems and their reports. Another 

research discrepancy is that not all studies promoted the use of interpretation guides and 

footers. For example, Harris (1999) was extensive in his coverage of information 

graphics available, how to use them, how to design them, and how to interpret them, yet 

he did not address such aspects as interpretation guides or footers. 

2001. The National Research Council (NRC). An examination of NAEP 

reporting practices noted attention to reporting formats could become more urgent as 

educators and non-educators of varying statistical sophistication strive to understand 

scores, and it acknowledged the error rate of even those who carefully study data reports, 

citing main problems with data reports as: high-level of statistical knowledge is assumed, 

information overload and report density, attempts at redesign increase clutter, infrequent 

use of graphics, and reports require unnecessary mental calculations (The National 

Research Council [NRC], 2001). Recommendations included avoiding too many 

technical terms, concepts, and symbols; using white space and variation to make reports 

appear easy-to-understand; avoiding three-dimensional visual displays; providing 

calculations so no mental arithmetic would need to be performed by the user; and 

favoring graphs over tables unless tables would result in more accurate interpretations of 

the data. The NRC (2001) made an important concession in acknowledging that the goal 

of a report should never be compromised in an effort to make the data appear less 
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intimidating or more accessible. That concession can be applied when report designers 

seek to achieve the balance discussed in the Unanswered Question 1: Content; 

Unanswered Question 2: Quantity; and Unanswered Question 3: Impact of Each 

Component on Analysis Accuracy sections of this literature review.  

2002. Fast and the State Collaborative on Assessment and Student Standards 

(SCASS) Accountability Systems and Reporting (ASR) Consortium. The NRC’s 

findings were echoed by that of Hamilton and Koretz (2002), who determined reporting 

format impacts how useful data is to stakeholders. The research team found that 

assessment results must be reported in an accessible manner for test-based accountability 

to work. However, their exploration of reporting types had to do with measurements – 

such as norm-referenced versus criterion-referenced – and related test format rather than 

supports. The SCASSASR Consortium, was also concerned with reporting as it relates to 

accountability, except it dealt more specifically with report format when it released A 

Guide to Effective Accountability Reporting (Fast & State Collaborative on Assessment 

and Student Standards Accountability Systems and Reporting Consortium [SCASSASR], 

2002). SCASSASR noted accountability reports should contain adequate interpretive 

information, including cautions concerning possible misinterpretations, and should be 

designed with the goal that even one’s next-door-neighbor should understand their 

meaning. Fast and the SCASSASR Consortium’s recommendations served as clear 

support for the variables selected for the Over-the-Counter Data’s Impact on Educators’ 

Data Analysis Accuracy study, which was used to identify the specific value of each 

variable. 
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2003. Jaeger. Commissioned by the NAEP Validity Studies (NVS) Panel and 

promoted by the U. S. Department of Education Institute of Education Sciences, Jaeger 

(2003) built on the work of the NRC (2001). While offering similar recommendations for 

reporting, he included details on how the history of NAEP reporting and research led to 

proposed changes (Jaeger, 2003).  

2004. Goodman and Hambleton. Like Hambleton (2002) and the NRC (2001), 

Goodman and Hambleton (2004) acknowledged there was clear evidence many users of 

assessment reports had trouble understanding and interpreting the data they contain.  The 

research team examined the student score reports and related interpretation guides of 

three United States (U.S.) commercial testing companies, 14 U.S. states’ Departments of 

Education, and two Canadian provinces’ Departments of Education. In one of the most 

oft-cited works on report design, the research team declared that while much attention has 

been devoted to the quality of assessments, very little attention or research has been 

concerned with ways in which the assessment results are reported and used. There is a 

clear need for research identifying how assessment results can most effectively be 

reported. 

After exploring factors contributing to difficulties when trying to understand 

large-scale test results, the research team released recommendations for reporting 

student-level results, but the impact of each recommendation was not specified. Including 

text can improve chart and table interpretation, and including a glossary of terms can help 

to more effectively report results. Recommendations included making reports uncluttered 

and attractive, designing reports with a manageable number of purposes and desired 

interpretations in mind, making color use purposeful, including contextual information 
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with jargon-free language, and adding an interpretation guide to accompany each 

assessment score report. A large number of teachers misunderstand some types of 

information, and interpretive information reduces many of the difficulties they have in 

forming accurate interpretations. Goodman and Hambleton’s (2004) recommendations 

served as clear support for the variables selected for the Over-the-Counter Data’s Impact 

on Educators’ Data Analysis Accuracy study and for the way in which its report handouts 

were constructed. 

2005. Light, Wexler, and Heinz. Research conducted by the Education 

Development Center’s Center for Children and Technology (Light, Wexler, & Heinz, 

2005) examined what it referred to as the “three dimensions” involved in transforming 

data into knowledge for educators: how data becomes usable information, how the data 

system used impacts this process, and how educators’ prior knowledge impacts the 

process. The report was noteworthy in documenting that a decision support systems’ 

design impacts how users turn data into knowledge. To truly be a decision support 

system, a data system needs robust reporting tools that can include explanatory 

information within charts, legends, citations, explanations, and other information to 

clarify the data’s meaning (NFES, 2006). Light, Wexler, and Heinz (2005) suggested the 

systems include explanations and background information within the tool itself in an 

effort to support users’ ability to understand the data without requiring additional, outside 

tools. These suggestions complimented other researchers’ assertions that including 

supporting text such as footers, abstracts, and interpretation guides could have the 

potential to increase users’ understanding of the data that the data system is being used to 

display. Prior to the Over-the-Counter Data’s Impact on Educators’ Data Analysis 
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Accuracy study, an exact measurement of each support’s potential had not been 

determined. 

Benadom. Around the same time, Benadom (2005) touted the benefits of using a 

data system that puts data in a more comprehensible format as it stores it, generates 

reports and parent letters, and prompts changes in staff development. Benedom (2005) 

reported that an improved format would allow teachers, parents, and administrators to 

better help students, as they could more quickly understand and act on the results. These 

assertions were substantiated by Poger and Bailie (2006), who also wrote that reports 

need to be easy to interpret. 

2006. Rennie Center for Education Research and Policy. Rennie Center for 

Education Research and Policy (2006) issued a comprehensive policy brief concerning 

tools and trends in data-informed teaching in which it acknowledged technology-related 

problems could impede teachers’ ability to analyze test data properly. The brief noted 

teachers have very little time for data analysis, and this problem worsens as assessment 

frequency and complexity increases. It also noted teachers are far more likely to use data 

if it is presented in a user-friendly format. This research team constituted one of the few 

voices noting limitations in the most popular supports for data analysis, stating translating 

data into action is complex, and in order to effectively use data analysis tools teachers 

will need ongoing support; these are offered in the form of coaches and PD, but at a cost. 

Data systems do not typically include proper support for interpreting data and turning 

results into action, despite the fact that teachers do not often know how to translate data 

into action, and this could become the biggest challenge facing effective data use once 

educators are accessing technology otherwise deemed adequate. Teachers need to be able 
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to understand the data in the format a data system provides without any formal 

knowledge of statistics, or else they are not likely to use the system (Rennie Center for 

Education Research and Policy, 2006). These findings served as clear support for the 

variables selected for the Over-the-Counter Data’s Impact on Educators’ Data Analysis 

Accuracy study, as well as the problems that inspired this study. 

Marsh. Having data does not mean it will be used effectively (Marsh et al., 2006). 

Marsh, Pane, and Hamilton (2006) echoed previous researchers’ findings concerning 

educators’ data analysis struggles, stating not all educators have the skills and time 

needed to successfully use data to inform decisions, and educators’ incomplete 

understanding of statistics can lead them to draw false conclusions from data. School 

staff often lacks the ability to interpret data. Educators often lack data analysis skills and 

the support needed to translate data into next steps; solutions include increased staffing 

assignments but also utilizing user-friendly data systems that provide options for 

analyzing data. This research team also acknowledged the gravity of this epidemic when 

they noted more research into educators’ faulty analyses and misuse of data is needed.  

Marsh et al. (2006) supported popular approaches to improved data use, stating 

PD and support from data expert staff can improve data use. However, their writing stood 

apart from most literature recommending such supports as it also acknowledged 

limitations. The most common method of supporting data-informed decision-making is 

PD focused on understanding test data, but its value varies, the majority of teachers and 

principals do not find it to be helpful, and sessions do not typically cover how to use test 

results for instructional planning. Site leaders are another source of data analysis support, 

but the quality of leadership varies. A report prepared for IES by Regional Educational 

http://www.rand.org/content/dam/rand/pubs/occasional_papers/2006/RAND_OP170.pdf
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Laboratory Midwest confirmed the limitations of the most popular data analysis supports 

in school districts, noting data staff and training resources can be limited at the local 

level, as is staff with proper data analysis experience and skills at the state level 

(McDonald, Andal, Brown, & Schneider, 2007). Marsh’s work promoting popular data 

analysis supports in the form of instructional coaches on was continued by Marsh, 

McCombs, and Martorell, F. (2010). 

Marsh et al. (2006) explored solutions that research literature has largely ignored. 

More research is needed to help practitioners understand the best ways to present data 

and help staff translate data into information for improved instruction; for example, 

researchers could improve displays so that educators can more easily identify trends, 

regardless of their statistical backgrounds. Data systems can provide solutions, but they 

commonly do not. Turning to technology for support with data analysis is less common 

than turning to leaders or PD, and research contains evidence the majority of teachers do 

not find this to be a helpful means of support, perhaps since their data systems lack key 

components such as easy access to multiple data sources. Online data systems reduce 

time needed to generate data reports, but they still require educators’ time in order to 

know how to act on the data, and lack of such time is limiting the data’s use at many 

sites, meaning that few sites offer this critical component of data-informed decision-

making (Ingram et al., 2004; Marsh et al., 2006). These assertions are highly refreshing in 

that they are part of rare acknowledgement in the research community that data systems 

should do more to support accurate data analyses. 

The literature also supported the theory that data system report studies should not 

necessarily involve the direct use of data systems. Data accuracy, data access, technical 
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support, and training can all affect an educator’s ability to understand and use data 

(Marsh et al., 2006). Without proper access and possibly technical assistance, educators 

can misinterpret data. Marsh et al.’s (2006) findings influenced the manner in which 

respondents’ data analyses were facilitated in Over-the-Counter Data’s Impact on 

Educators’ Data Analysis Accuracy study. 

2007. Minnici and Hill. Noting data interpretation has become increasingly vital 

to school reform, Minnici and Hill (2007) explored state-level system limitations in a 

report by the Center on Education Policy (CEP). The research team examined state 

education agencies’ ability to provide NCLB-compliant accountability systems and 

analyzed the annual CEP survey data of officials in all 50 U.S. states, as well as 

interviews with 15 prominent state education officials from 11 U.S. states. The study 

indicated that while state’s progress in offering data systems is being tracked, state-level 

staff are also at varying stages of being able to actually analyze the data these systems 

generate. Some state educators see their shift from mere data warehouses to dynamic data 

systems that facilitate data-informed decision-making at the state and local levels as the 

biggest change in their data systems (Minnici & Hill, 2007). 

Perie, Park, & Klau. The Council of Chief State School Officers Accountability 

Systems and Reporting State Collaborative commissioned a paper outlining 

recommended components for educational accountability models, which covered the 

communication of data through reporting (Perie, Park, & Klau, 2007). The checklist for 

communicating accountability results recommended that reports communicate all 

relevant data clearly, promote accurate interpretation and use of data, use a format that 

helps schools learn how to use the data, apply the latest research in effective reporting, 



63 
 

and include information guides and clear explanations of correct versus incorrect 

interpretations of the data when reporting to parents or the general public. Perie, Park, 

and Klau’s (2007) checklist served as clear support for the variables selected for the 

Over-the-Counter Data’s Impact on Educators’ Data Analysis Accuracy study and for 

the way in which its report handouts were constructed. 

2008. Zwick. In 2008 there were important findings concerning why educators are 

not adequately prepared for the data analyses they are expected to conduct. Teachers and 

administrators must be skilled at using data daily to improve student learning, yet many 

are not (Zwick et al., 2008). The research team found many teachers and administrators 

do not know fundamental analysis concepts, and 70% have never taken a college or post 

graduate course in educational measurement (Zwick et al., 2008).  

Few. The statements above were corroborated by Few (2008), a prominent voice 

in data visualization, who stated that although data is useless if we cannot understand it, 

most people responsible for analyzing data have received no training to do so. Few also 

held report design responsible, noting graphs are commonplace today, yet most 

communicate poorly, and most misinformation graphs communicate is unintentional 

because charts’ creators do not know how to communicate the charts’ intended messages 

(Few, 2008). Few’s blog and other writings continue to be highly accessible and 

informative resources for data system and report vendors. 

Underwood. Underwood et al. (2008) were instrumental in voicing concerns over 

educators’ struggles with data and data systems. Teachers do not understand or value 

some data included in data system reports, and they have difficulty using data systems 

due to varying technological sophistication levels when it comes to using the data system 
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to interpret student data, even amongst teachers who serve as assessment coaches to their 

peers. One of the main problems with using assessment data is that stakeholders at all 

levels have trouble interpreting the data. 

Later, the data system reports were more directly indicated as playing a role in 

educators’ difficulties with data analyses. The reports district administrators are charged 

with using are presented in ways that are hard for them to read and interpret, and these 

reports are difficult and time-intensive to analyze (Underwood et al., 2010). Some 

principals are intimidated by data, and administrators misunderstand the meanings of 

symbols and terms used in assessment reports and are often confused by the reports’ 

complexity. District administrators often do not have access to data in a format they can 

use (Coburn, Honig, & Stein, 2009; Underwood et al., 2010). 

While PD and staff supports can also help educators’ data use, they are not 

without limitations. Teacher coaches can stop coaching teachers as the school year 

progresses due to other responsibilities (Underwood et al., 2008). Some assessment 

coaches are not very tech-savvy and thus have trouble sharing assessments and data 

system knowledge with teachers. Underwood et al. (2008) found providing a data system 

designed specifically for users’ needs is more effective than expecting training to get 

users as prepared as they need to be to use the system and its data, and teachers who do 

not use a data system suggest they would use it on their own if it contained more support 

for using the data.  

A data system can make a huge impact if its design accounts for users of varied 

data and data system skill levels (Underwood et al., 2008). Underwood et al. (2010) 

understood the potential, powerful benefits of data, stating data use can lead to insight 
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into students’ abilities and to decisions to improve instruction, and thus offered solutions. 

Improving a data system’s design and reporting can ease some of the growing pains that 

occur as teachers increase their use of a data system (Underwood et al., 2008). Existing 

reports can be improved by descriptions to aid understanding of graphics, warnings 

concerning interpretation limitations, and suggestions for how to apply the data to 

decision-making (Underwood et al., 2010). Teachers who do not use a data system 

suggest they would use it on their own if it contained step-by-step instructions as opposed 

to a complicated help guide, a more user-friendly interface, and information about data 

available and how this data can be used. While the research team offered numerous, great 

strides in data system and report design research, they recommended features teachers 

feel will best facilitate their appropriate use and analyses of the data. The important work 

of Underwood served as support for the variables selected for the Over-the-Counter 

Data’s Impact on Educators’ Data Analysis Accuracy study and paved the way for this 

study’s measurement of the variables’ specific impact on data analysis accuracy. 

The research team was also instrumental in uncovering how data systems are used 

in school districts. While some teachers (44%) use the data system directly, others (56%) 

have access but do not use the data system directly and instead only read printed versions 

of reports others used the data system to generate (Underwood et al., 2008). Teachers and 

teacher coaches both report having technology problems such as outdated hardware, 

inadequate bandwidth, and system freezes, and use of computers outside of the teaching 

profession influences teachers’ success using a data system. For example, most of the 

teachers in one study reported that they only use the data system to print reports and do 

not interact with any of the links that accompany the report in the system (Underwood et 
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al., 2008). Findings concerning ways in which data systems are actually used and ways in 

which technology can influence data analyses influenced the manner in which 

respondents’ data analyses were facilitated in the Over-the-Counter Data’s Impact on 

Educators’ Data Analysis Accuracy study. 

Park. Focusing her case study on high school teachers in urban areas, Park (2008) 

determined teachers’ biases, such as preconceived notions of what they wanted to do with 

the data and the degree to which they hoped to put these plans into action, impacted the 

conclusions they drew when making related decisions. Also, their motivation to put the 

data to use could be hampered by a tendency to blame student performance on factors 

they perceived to be outside of their control, such as lack of parent involvement, poor 

student behavior, or lack of resources. Further, pressures of District Office directives, No 

Child Left Behind requirements, pressure from colleagues, community and parent 

expectations and viewpoints, and more can also influence the conclusions teachers draw 

about data they are interpreting and how they put it to use (Park, 2008). 

Alverson. In reaction to stakeholders’ failure to utilize data to inform some policy 

and decisions that could possibly benefit from its inclusion, Alverson (2008) explored 

teacher, administrator, and parent preferences concerning data reports’ graphic display 

types. Alverson was progressive and comprehensive in that she not only explored these 

stakeholders’ preferences, but she also explored what impact the graphic displays had on 

their ability to accurately garner information from the reports. Unlike the Over-the-

Counter Data’s Impact on Educators’ Data Analysis Accuracy study, Alverson examined 

graphic display type rather than the inclusion of data analysis guidance. Alverson’s 

important mixed-method study, which utilized focus groups and a questionnaire, resulted 
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in recommendations such as simplifying the data when possible, gearing the report 

toward a specific audience, and defining the task for which the report has been designed. 

Alverson’s ability to compare preference findings to accuracy findings was also 

commendable. For example, educators and parents preferred grouped column graphs to 

segmented/stacked bar graphs, and in this case their preferred graphic display type also 

rendered more accurate data analyses. Since the report format users report preferring can 

be the opposite of the reporting format they most accurately interpret (Hattie, 2010), the 

measuring of accuracy was a vital component to Alverson’s (2008) study, and a 

component many other studies did not address. 

2009. USDEOPEPD. A national study conducted in relation to No Child Left 

Behind through the SRI (formerly Stanford Research Institute) International found that 

teachers are more likely to analyze data by themselves than with their colleagues, and 

their responses to hypothetical student data suggested they have difficulty with question 

posing, data comprehension, and data interpretation (USDEOPEPD, 2009). Only 56% of 

teachers answered correctly in the area of question posing, 64% in data comprehension, 

and 48% in data interpretation (USDEOPEPD, 2009). These insufficiencies were cited 

even though the nine school districts studied, involving 18 schools for case studies, were 

selected for their reputations for strong data use. Thus teachers’ struggles witnessed there 

could be present at other districts. The study was based on the first round of site visits for 

the national Study of Education Data Systems and Decision Making that ultimately aimed 

to determine how common education data systems are, how available they are to 

teachers, their qualities, and their roles in data-driven decisions taking place in schools. 

Recommendations included providing tools for generating useful data, technical support 
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for data interpretation, tools for turning data analyses into action, and access to varied 

levels of data (USDEOPEPD, 2009). 

Knight Commission on the Information Needs of Communities in a Democracy. 

The Knight Commission on the Information Needs of Communities in a Democracy 

(2009) concluded months of expert deliberations and presentations with 

recommendations on ways various entities can better assist the public in its acquisition 

and exchange of information. In its recommendation that communities have online access 

to pertinent data, the research team stressed the need to not only provide data access, but 

to also provide an online guidebook that would help users find needed information in the 

same way a map can help them find physical locales. However, specific 

recommendations for technology companies focused on discounting products and 

services rather than making enhancements to better ensure correct data analyses (Knight 

Commission on the Information Needs of Communities in a Democracy, 2009). 

Data literacy refers to one’s ability to understand data and ask appropriate 

questions in relation to it (USDEIESNCEE, 2009). Data literacy also involves viewing 

data with a critical eye for aspects such as message quality and potential consequences 

(Knight Commission on the Information Needs of Communities in a Democracy, 2009). 

However, data literacy must also involve the ability to communicate the data to others 

and to use the information in some way (Johnson, 2012). Content creation and digital 

expression play roles in data literacy, and Internet users must use tools that best allow 

them to process information effectively and draw accurate conclusions from the data they 

find (Johnson, 2012). 



69 
 

Wayman. This literature review would be grossly incomplete without the 

inclusion of Wayman (2007), who noted data systems have tremendous potential to assist 

educators in the inquiry process and help them improve. While much research focuses on 

PD and staff supports while ignoring the significance of the tool educators are using for 

data analyses, Wayman drew much attention to the important role data systems play 

while also acknowledging the gravity of the data analysis error epidemic. It is inadvisable 

to use data without the assistance of a data system (Cho & Wayman, 2009; Lachat & 

Smith, 2005). Effective data systems can drastically change how data is used in a school 

district and can give educators more information in easier ways and in less time than their 

previous systems (Wayman et al., 2010). 

Researchers such as Sanchez, Kline, and Laird (2009) also cited the need for 

educators to understand how to properly use and analyze their students’ data. However, 

misunderstandings about how to use data and a data system can cripple data use in a 

school district (Wayman et al., 2009). Teachers might not understand names, labels, and 

terms used in data systems, and not understanding how to use data can have negative 

impacts such as low data system use rates and resistance to data. Teachers have frequent 

difficulties using data, express a need for easier ways to use data, are overwhelmed by 

data, and have to work longer hours to use data. Wayman also reported many educators 

struggle to understand how to translate data into specific actions (Cho & Wayman, 2009; 

Ingram et al., 2004; Supovitz & Klein, 2003; Wayman & Cho, 2009).  

Nonetheless, Wayman acknowledged the benefits of common supports. Training 

and collaboration around the use of educational technology systems can improve data 

literacy, and educators should turn to PD, better data access, and leadership to improve 
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educators’ ability to turn data into practice (Cho & Wayman, 2009; Knapp et al., 2006; 

Supovitz & Klein, 2003). When teachers expressed a desire for more support using data, 

this support included leadership and direction from administrators, training, and support 

staff to help them understand data; time to collaborate on data can also be helpful 

(Wayman et al., 2010). 

However, Wayman, Cho, and Shaw (2009) also touched on limitations of 

common data analysis supports, noting most teachers do not collaborate with others when 

using data, and many teachers do not have enough time to discuss data with others. 

Meanwhile, other researchers of the time also echoed the limitations of common analysis 

supports. For example, to help teachers achieve understanding of assessments and their 

results, learning communities are recommended and go beyond traditional approaches to 

training (Bennett & Gitomer, 2009). In addition, knowledge management research 

indicates knowledge can be hard to share with others, even when the intention to share it 

is there, especially when that knowledge is associated with power or status (Cho & 

Wayman, 2009). Wayman reported teachers and other educators are quick to take the 

lead in using data, often operating in front of those planning how they will be supported. 

Supporting solutions found elsewhere in the research community, the literature noted data 

systems should be fast and user-friendly (Cho & Wayman, 2009; Wayman et al., 2009; 

Wayman et al., 2010; Wayman & Stringfield, 2006). Presenting data in more sensible 

ways is an essential step to improving data use (Cho & Wayman, 2009). 

The work of Wayman was monumental in its direct acknowledgement of the 

responsibility assumed by data system vendors and those involved with them. Data 

systems’ capacity to assist data analysis is unprecedented and the effects on schools are 
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still being determined (Cho & Wayman, 2009). Data systems can help teachers analyze 

many sources of data and can help in district-wide initiatives, whereas these and similar 

endeavors are difficult without such a system. While much of current literature assumes 

technology serves merely as a tool for decreased hassle and increased productivity, a data 

system can help with decision-making. Technologies are not simply tools for work; 

rather, they also influence users’ approaches to problem-solving (Cho & Wayman, 2009). 

However, educators in many districts have difficulty using data, but the issue does not 

rest on them; rather, it rests on the systems and supports around them, and more needs to 

be done to help (Wayman et al., 2009). 

Hattie. Like his contemporaries, Hattie (2009) noted educators’ inadequate data 

analysis skills, except he highlighted what most proponents of PD and staff solutions 

ignore: the reports that increasing accountability demands are requiring educators to use 

are not providing sufficient support to help educators analyze the data they contain. 

Because there are many readers of reports, any report should include sufficient 

information to maximize the accuracy of their interpretations. Too much responsibility 

for making correct interpretations is placed on the test user, whereas more responsibility 

should be placed on those reporting the test results (Hattie, 2010). 

Hattie (2009) was well aware of educators’ struggles in interpreting and applying 

data analyses, noting increasing accountability demands have led to the use of more 

reports, yet not all users of these reports are as test-sophisticated as they need to be. The 

U.S.’s No Child Left Behind (NCLB) Act of 2001 led to reports for multiple subjects 

being distributed at the state, district, school, subgroup, and student levels for parents and 

teachers of 22 million students per year, yet the reports are not in accordance with any 
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nationally recognized reporting standards. Most educators are eager to analyze and then 

act on the data they see, but interpretations require knowledge and understanding (Hattie, 

2010; van der Meij, 2008). 

Hattie (2009) did concede PD is a viable option. This built on the work of Hattie 

and Brown (2008), who found those who attend PD more frequently understand score 

reports and make correct report interpretations that those who do not, and teachers who 

receive training more accurately comprehend reports than those who do not. However, 

data systems cannot maximize advantages and minimize detriments unless they provide 

stakeholders with meaningful feedback. A data system’s report design, if done correctly, 

can free teachers from the need to be assessment literate and instead allow them to focus 

on instruction and students. For example, teachers better understand assessment results 

when they are communicated graphically rather than merely numerically. The quality of 

score reports definitely improves when research is done into how accurately users 

understand them. 

When viewing reports, teachers want more explanations, clearer titles, and more 

guidance on where to read first (Hattie, 2010). For example, a combination of images and 

words is more likely to render valid interpretations than numbers, which reduce the 

likelihood of accurate interpretation when they are overused; thus reports should provide 

interpretations of numbers. As another example, a shorter, targeted manual or user-

friendly Help system causes users to need 40% less training time and to successfully 

complete 50% more tasks than they would have accomplished with only access to a full-

sized manual (Hattie, 2010; van der Meij, 2008). Report validity is dependent on the 

accuracy and appropriateness with which the report’s users interpret and act upon its data, 
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and validity improves when reports are created or adjusted to increase the accuracy of 

interpretations. Hattie recommended more research into which reporting principals will 

increase the accuracy of interpretations being made from them (Hattie, 2010). 

Hattie (2009) offered important precautions in applying existing research while 

highlighting the need for additional research. For example, focus group research, which is 

the main approach to understanding report interpretations, has shown the report format 

users report preferring can be the opposite of the reporting format they most accurately 

interpret. Also, the current trend to include more description and explanation in reports is 

misleading if the added information is not proven to increase interpretation accuracy. 

Little research has been done on how users interpret reports (Hattie, 2010). 

Hattie (2009) echoed Leeson (2006) in noting that viewing a data system’s report 

on the computer versus printed can negatively impact how it is interpreted; for example, 

someone who correctly interprets a printed report can make mistakes when scrolling is 

involved, users are more likely to scan a report on a computer that they would read 

carefully when printed, and users’ inability to mark on the screen can reduce the 

credibility users attribute to reports. Technology can prevent someone from 

demonstrating a skill when he or she lacks computer familiarity (Bennett & Gitomer, 

2009; Horkay, Bennett, Allen, Kaplan, & Yan, 2006). These findings influenced the 

manner in which respondents’ data analyses were facilitated in the Over-the-Counter 

Data’s Impact on Educators’ Data Analysis Accuracy study. 

Hattie has proven to be one of the most respected figures in education research. 

He eventually consolidated 15 years of research, 50,000 smaller studies, and data on 80 



74 
 

million students to conduct what is known as the world’s largest evidence-based study on 

improving student learning (Hattie & Hargadon, 2013). 

Lyrén. Lyrén (2009) also called for more research, noting practitioners and 

researchers need to gather empirical evidence to support different ways in which 

subscores are reported in order to prevent misuse. Little or no research has focused on 

how to best communicate scores on college admission tests to all stakeholders, and there 

is a need for supporting documentation to assist all users with the advised use and 

interpretation of scores. Research is needed to address whether students understand their 

scores and whether results are reported in a way that encourages correct interpretations 

and prevents misinterpretations (Lyrén, 2009). Allalouf (2009) indicated the failure of 

some participants to see this need, finding that quality control for test score reporting 

relates largely to mistakes relating to score validity, such as test examiner or computer 

errors, and little to do with report design and analysis errors. 

2010. Zapata-Rivera and VanWinkle. Zapata-Rivera and VanWinkle (2010) 

found teachers need additional help understanding measurement concepts and statistical 

terms, and adding information to reports can provide this help. In a study involving 

teachers who had taken at least one course in measurement, all teachers struggled 

afterwards with statistical terms and measurement concepts and 60% of teachers had 

difficulty explaining a term used in a score report. The research team also did important 

work in determining the types of data mistakes teachers were making, and the conditions 

under which they were making these mistakes. Score reports can more clearly 

communicate appropriate data-informed actions by including report purpose and use in a 

way that is easy to comprehend and by adding term definitions, examples, and sample 
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questions. However, in trying to pinpoint how score reports can more clearly 

communicate appropriate data-informed actions, the research team interviewed teachers 

concerning which reports they preferred and recommended adding term definitions, 

examples, and sample questions to reports (Zapata-Rivera & VanWinkle, 2010). While 

teacher preference is helpful to know, this research is like that of Underwood et al. (2008) 

in that its ability to apply theory to practice is limited, as preference is not equivalent to 

proven effectiveness. Thus the question of how reports can best be improved to enhance 

analysis accuracy rather than appeal to user preference still remained unanswered. 

Data Quality Campaign (DQC). The DQC played an important role in tracking 

and reporting on data’s and data systems’ use in the U.S. Launched in 2005 to help states 

with data systems, the DQC’s role involved acknowledgement of the struggles educators 

experience when trying to use data, noting that few educators automatically know how to 

use available data effectively (DQC, 2009). The vast majority of educators need guidance 

in order to understand and use data, including how to apply it to decision-making that can 

help students succeed. The majority of stakeholders who need to use data to comprehend 

and raise student achievement are not trained statisticians, and they need additional 

information to teach them how to use the data they view. Problems persist even at higher 

levels. For example, states need trained researchers and high-level analysts to make full 

use of the data they have, yet few states have the resources to add these staff members 

(DQC, 2009). 

The DQC (2010) stressed the benefits of providing data in ways that are easy to 

interpret correctly and result in better decisions, and it issued guidelines in how growth 

reports, diagnostic reports, early warning reports, predictive reports, cohort graduation 
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reports, and feedback reports should be used. In addition, the DQC’s three imperative 

actions to ensure effective data use include verifying data can be analyzed and used, and 

helping stakeholders apply data to effective decision-making. Reports need to include 

information like term definitions, how calculations were performed, and data collection 

details to help users understand report context. Providing educators with access to data is 

not enough; a data system will not lead to improved student performance unless 

educators know how to analyze and interpret the data, so they need PD in a variety of 

formats, including online tutorials on how to use specific reports. Data needs to be 

provided to users in ways that are easy to interpret and facilitate decision-making. 

Research and analysis into how to best design reports that are easy to interpret and 

facilitate decision-making needs to be done by a state or outside agency (DQC, 2010). 

Other researchers specified related solutions in data systems, such as Kenny (2010), who 

found that turning information the user selected for analysis into words, accompanied by 

tables and figures, significantly improved the accuracy of a user’s data analysis. While 

Kenny’s work did not address report format or placing analysis guidance into words, it 

did explore the success of verbalizing analyses, and provided more evidence on how 

traditional approaches result in improper data analysis despite attempts to teach the user 

how to analyze data. 

The DQC has been consistent in its clear call for action. Providing data will not 

lead to continuous improvement and student success until practices are in place to help 

stakeholders throughout the education system understand and properly use the data 

(DQC, 2009). Policymakers and educators need to consider how day-to-day data use can 

be better supported. When it comes to data systems at the state level, most attention goes 
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toward technology aspects like hardware and software, and any reports they generate for 

educators do not answer questions they could already answer without the system (DQC, 

2011). The power of statewide data systems will not be realized until education analysis 

and researchers – as opposed to just information technology staff – are involved in the 

full scope of the systems’ design and are part of a robust team focused on turning the data 

into useful information for educators (DQC, 2011). 

2011. National Forum on Education Statistics (NFES). Other agencies echoed 

this call to action. For example, the NFES found if data system users do not understand 

how to properly analyze data, the data will be used incorrectly if it is used at all (NFES, 

2011). This statement built on findings that educators sometimes do not know what they 

need because they are not familiar with what they do not have, such as data system 

functionalities that can make their jobs easier; stakeholders should ask for a data system 

that facilitates data analysis and offers extra support to users (NFES, 2010). NFES 

echoed the popular assertion that PD and in-house data experts are two ways to improve 

data analysis. However, NFES also noted education leaders should ask what support is 

available to help staff use data and whether the data analysis tools they are using are user-

friendly. For example, to further the impact of PD and in-house data experts, data reports 

should answer questions, clearly communicate key information, and provide context to 

guarantee proper interpretation. Since simply having data reports and tools is not enough, 

given educators’ propensity for misinterpretation, data systems can include tools to guide 

data use, such as links to instructional materials and guides, in order to help users 

translate data into instructional actions. Data system resources – such as links to helpful 

resources, training materials, and video tutorials – can complement traditional training 
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sessions and guarantee a wide audience’s access to training when formal training cannot 

be provided, ensure new staff members are trained after formal training sessions have 

passed, and offer training as users’ needs evolve (NFES, 2011). 

VanWinkle, Vezzu, and Zapata-Rivera. Unlike many applying the theory of how 

data system supports can improve data analysis accuracy, VanWinkle, Vezzu, and 

Zapata-Rivera (2011) expanded their focus to administrators and found although 

administrators are increasingly asked to make data-informed decisions, administrators 

have trouble understanding data presented in score reports, and score reports designed 

specifically for administrators are frequently not designed in ways that are easy for 

administrators to interpret. The research team cited research in which their theory is 

applied to other non-teacher stakeholders. For example, stakeholders including state 

politicians, superintendents, and education reporters frequently misunderstand and 

misinterpret national assessment score reports (Hambleton & Slater, 1996; VanWinkle et 

al., 2011). 

Again, the usual analysis supports were not ignored. PD, leadership, and teacher 

collaboration should all be used to support effective use of data (VanWinkle et al., 2011; 

Wayman, 2005). However, the research team appropriately acknowledged additional 

solutions; for example, recommendations for overcoming stakeholders’ unfamiliarity 

with statistics and statistical terms, as well as their limited time, include field testing 

reports with targeted audiences and gearing report content and format toward the targeted 

audiences. Many teachers and administrators use data systems to generate different 

reports to make decisions, and there is an assumption that data systems require users to 

already understand the data they are viewing and make the right selections to generate 
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appropriate score reports. Although some data systems include tools to help users use the 

system, they usually do not include any support for how to interpret and use the data 

correctly (Underwood et al., 2010; VanWinkle et al., 2011). 

Reports should present information both graphically and textually and include 

definitions, purpose, use, and cautions concerning interpretation limitations (VanWinkle 

et al., 2011). Reports should include information that helps users correctly interpret and 

use the data (Goodman & Hambleton, 2004; Hattie, 2010). Because users’ ability to 

analyze data differs, reports should offer information to cater to users with both 

beginning and advanced analysis skills, such as through the use of both text and graphics 

to communicate results (VanWinkle et al., 2011). A link leading to an abstract-like 

explanation of report components can help users with varied analysis skills better 

understand the report’s terms, interpretations, resources for more information, purpose, 

and use, as lack of such information can negatively impact the report’s use and 

interpretation. More research is needed on how varied report designs and supports can 

influence administrators’ understanding and use of their contents (VanWinkle et al., 

2011). 

Odendahl. Odendahl (2011) recognized the importance of minimizing potential 

misinterpretations, misuses, and negative outcomes otherwise involved in data analysis, 

and she paid specific attention to the inclusion of supplemental information to help users 

understand reports, noting that something as complex as test scores cannot be understood 

without a user’s manual. Explanations are needed, such as what the test covers, score 

meaning, score precision, common misinterpretations, uses for scores, descriptions of 

skills and knowledge assessed, performance level meanings, peer comparisons, 
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definitions of essential terms, key data presented in multiple ways, and breakdown of 

skills and knowledge each student has. Other possible inclusions are sample test 

questions, sources for more information, suggestions for improving performance, score 

imprecision aspects. Standards such as AERA can be accommodated between a score 

report and an interpretation guide. Some data systems feature interactive data reports, but 

if they linked to more than just variations on data displays they could transform the 

reports into actual educational tools. More research is definitely needed on test 

documentation (Moss, 1998; Odendahl, 2011)  

Sabbah. In his study on designing more effective accountability communications, 

Sabbah (2011) used focus groups of parents to examine the best mode of communicating 

data in school accountability report cards. Educators are starting to realize that data can 

be the foundation for action toward school improvement, yet few school stakeholders use 

data to which they have access, and designing public report cards that are easy to 

interpret is a major challenge. The dependent variable in the study was the degree to 

which participants comprehended the information and data they were viewing. However, 

Sabbah’s (2011) study contained more independent variables than there would be in a 

report study involving educators, as the study’s parent population was much more varied 

than educator participants would be, such as in background, education, experience, and 

language. For example, the parent focus group was composed entirely of native Spanish-

speaking parents, which added more complexity and variables. 

Sabbah (2011) used the study’s results to offer recommendations on how to best 

improve accountability reports for improved analyses in the public domain. Effective 

accountability reports must be easy to read and must be accompanied by adequate 
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interpretive information (Fast & SCASSASR, 2002; Sabbah, 2011). Parents, too, 

appreciate explanations of what test scores mean and descriptions of skills assessed by 

tests, and their reports need to contain background, context, recommendations, and 

clarification. Findings included specific guidelines for accountability reports, tables, bar 

charts, histograms, and general design, and also reported stakeholder graphic display 

preferences as including dashboard, bar chart, line graph, stacked line graph with 

emphasis on gaps, pie chart, and histograms that covered one year rather than three years. 

These guidelines could benefit the design of accountability report cards for parent 

consumption, but it is important to note they cannot be automatically applied to other 

report types or to reports for other users. Fortunately, Sabbah (2011) was aware of these 

applications and did not overstep the limits of his study when applying the theory to 

recommended practice; in other words, his recommendations were limited to 

accountability report cards for parents. 

It is important to find a balance between including too much information and too 

little information on score reports. Like many of his predecessor’s, Sabbah (2011) noted 

the need for more research on the effects of reporting data in education, which is scarce. 

Educators need to shift from a traditional mindset of gathering report data and focus on 

steps to better communicate the meaning of assessment report data, such as in ways that 

invites users to interact with and delve into the information (Sabbah, 2011). 

U.S. Department of Education, Office of Planning, Evaluation, and Policy 

Development. Again the U.S. Department of Education produced, through SRI (formerly 

the Stanford Research Institute), a comprehension study of teachers’ data analysis 

accuracy when using standard student data reports generated with a data system. The 
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study (USDEOPEPD, 2011) opened by acknowledging teachers are expected to use 

student data to improve the effectiveness of their practices, which involves the use of 

student data systems, yet training programs for teachers have generally not addressed 

data skills and data-informed decision-making. This supported similar assertions by 

Zwick et al. (2008), Halpin and Cauthen (2011), and others. 

Through data analysis questions based on standard data displays, teachers at 13 

school districts considered exemplars of active data use, where teachers have access to 

student data systems and receive support in data-informed decision-making, only 

achieved 48% correct when making data inferences involving basic statistical concepts 

such as variability, measurement error or distribution (USDEOPEPD, 2011). Some 

teachers struggled to make sense of data representations, and a sizeable proportion of 

teachers made inaccurate inferences when trying to frame data system queries, make 

sense of differences, or make sense of trends. It was noted it is unlikely teachers at 

districts where data use is less emphasized would make more accurate data analyses than 

those described in a study of districts considered exemplars of data use. These findings 

reflected similar findings of the USDEOPEPD (2009), as well as other studies also 

covered in this literature review. 

2012. The Bill and Melinda Gates Foundation. Investigating teachers’ use of 

technology to improve teaching, the Bill and Melinda Gates Foundation (2012) reported 

on mixed-method opinion research involving focus groups and a national micro-target 

survey of more than 400 teachers of students in grades six through 12. The Bill and 

Melinda Gates Foundation found that technological capabilities have not benefitted the 

U.S. education system – particularly where teachers are concerned – as much as they 
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have helped U.S. businesses, communication, and lifestyles. Fortunately, teachers 

indicated overwhelming support for using technology to improve learning, and 85% of 

teachers reported daily use of technology to support teaching (Bill and Melinda Gates 

Foundation, 2012). 

The Bill and Melinda Gates Foundation cited a need for increases in the usual 

technology use supports: PD, planning time, peer and coordinator support, and strong 

leadership at school sites. However, the Bill and Melinda Gates Foundation also indicated 

ways in which technology companies need to assume increased responsibility in helping 

their products better contribute to improved learning. Many teachers indicated technology 

tool companies need to better understand the resource, student, and time challenges 

teachers face and to do a better job enlisting teacher feedback to make ongoing 

improvements to their systems. “To be effective, and used to innovate and improve the 

classroom experience, technology tools must respond to the realities of teacher/student 

experiences, rather than demand that teachers and students adapt to the requirements of a 

particular technology” (Bill and Melinda Gates Foundation, 2012, p. 2). Though these 

statements and the research that contributed to them concerned multiple technologies 

rather than exclusively data systems, the statements reflect the growing attention that 

research findings are giving to the need for data systems to do more to ensure educators’ 

appropriate analyses when using data systems and/or their reports to interpret data. 

U.S. Department of Education Office of Educational Technology. In an issue 

brief on using educational data mining and learning analytics to improve teaching and 

learning, the U.S. Department of Education Office of Educational Technology 

(USDEOET) (2012) called on educators to ask critical questions about commercial 
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offerings and purchase intelligently in order to create demand for the most useful 

educational technology features and uses. This concept is often echoed in less official 

venues such as blogs, so the publication of this concept by the U.S. Department of 

Education was an important milestone for improving educational technology products 

such as data systems. The brief also called for better collaboration between the research, 

commercial, and educational communities in order to co-design the best educational 

technology tools, echoing similar messages from the Data Quality Campaign (2011). 

Also on the note of research, USDEOET (2012) called on researchers and technology 

developers to conduct research concerning the effectiveness and usability of data 

displays. This message echoed that of Goodman and Hambleton (2004) Lyrén (2009), 

Hattie (2010), and others, and mirrored Odendahl’s (2011) call for the same type of 

research in the area of test documentation and data analysis supports. This call for 

research into the effectiveness and usability of data displays also related to the Over-the-

Counter Data’s Impact on Educators’ Data Analysis Accuracy study, which investigated 

varied data displays and the degree to which added analysis supports rendered those 

displays – and thus the analyses of educators using them – more effective. Discussed 

within the context of learning systems, USDEOET (2012) also devoted a segment to data 

visualization resources and functions. The report noted students, parents, teachers, and 

administrators, who are all data analysis consumers, need data presented in a way that 

clearly answers questions being posed and points toward a specific and action within the 

data consumer’s means. This acknowledgement of the role of data display related to the 

premise of this study but was also important as this acknowledgement is rare in field 

literature, despite the significant influence data display has on educators’ data analyses. 
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The report also made a medicine-to-education analogy, noting labor-intensive data 

analysis is not a reasonable expectation of educators considering their job demands, so 

decision support systems need to minimize analysis demands on educators just as such 

tools do for physicians, as neither profession is more important than the other. 

Reporting Standards 

Whether or not they are used, national standards have been available over the last 

two decades to offer guidance concerning the best way to communicate test results (see 

Appendix A for standards applicable to data systems and data system reports). The 

National Council on Measurement in Education (NCME) issued the Code of Professional 

Responsibilities in Educational Measurement, which included standards for those 

interpreting, using, and/or communicating assessment results (National Council on 

Measurement in Education [NCME], 1995). NCME Standards 6.2-6.5 and 6.8 relay the 

necessity to accompany reports with additional, non-numeric information to assist with 

analysis accuracy. For example, Standard 6.2 requires the inclusion of information 

concerning the assessment on which the data is based, such as its purpose, uses, and 

limitations, to ensure correct interpretation of the data (NCME, 1995). Standard 6.3 

requires a written description of the data that includes proper interpretations and common 

misinterpretations to avoid. Standard 6.4 requires that results be communicated in a clear 

way so that intended audiences can understand them; like Standard 6.3, these are also 

required to include includes appropriate interpretations and likely misinterpretations 

(NCME, 1995). Standards 6.5 and 6.8 include additional guidelines related to ensuring 

the appropriate interpretation of results (NCME, 1995). See Appendix A for the actual 

verbiage of each NCME standard. 
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The American Educational Research Association (AERA) also published 

standards on how educational testing data should be reported when it issued the 

Standards for Educational and Psychological Testing (AERA, American Psychological 

Association [APA], & NCME, 1999). AERA Standards 5.10, 13.1, 13.9, and 13.14 relay 

the necessity to accompany reports with additional, textual information to assist with 

analysis accuracy. For example, Standard 5.10 requires that test score information be 

accompanied by appropriate interpretations that clearly describe, among other things, 

what the scores mean and common misinterpretations (AERA et al., 1999). Standard 13.1 

requires including a clear description of the ways in which the test results should be used, 

and notes the responsibility of those who require and use tests to recognize and minimize 

possible problems that could potential arise with their use. (AERA et al., 1999). Standard 

13.9 requires that reports used for data-informed decision-making be accompanied by 

empirical evidence concerning the test scores, instructional programs, and goals for 

students; if such evidence is not available, the report should include a warning to use 

multiple measures (AERA et al., 1999). Finally, Standard 13.14 notes that a report should 

include information on how to interpret the scores, as well as a clear explanation of each 

score’s measurement error (AERA et al., 1999). See Appendix A for the actual verbiage 

of each AERA standard. 

The Code of Fair Testing Practices in Education (CFTPE) later presented a 

Reporting and Interpreting Test Results segment offering guidelines for both test 

developers and test users (Joint Committee on Testing Practices [JCTP], 2004) (see 

Appendix A for standards applicable to data systems). CFTPE Standards C-1 through C-8 

each relate to ways in which reports should include information to help users accurately 
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interpret results (JCTP, 2004). The list of inclusions is long and includes such details as 

warnings concerning potential misuse of the data, test benefits and limitations, potential 

interpretation mistakes, evaluation of test value and performance, and other information 

that supports recommended interpretations (JCTP, 2004). See Appendix A for the actual 

verbiage of each CFTPE standard. 

Despite clear standards on how student data should be reported, educational data 

systems and their reports do not conform to the standards. Student data reports are not in 

accordance with any nationally recognized reporting standards (Hattie, 2010). However, 

the number and scope of these standards add to report content and quantity controversies 

by recommending an overwhelming number of components. Research notes how easily 

educators can be overwhelmed by including too much information in reports, so data 

system vendors need to know which features are most effective in improving analysis 

accuracy. This controversy and literature concerning it are covered in detail in the 

Unanswered Question 1: Content; Unanswered Question 2: Quantity; and Unanswered 

Question 3: Impact of Each Component on Analysis Accuracy sections of this literature 

review. 

Over-the-Counter Labeling Models on Non-Medication Products 

Over-the-counter medication’s purpose, ingredients, dosage instructions, and 

dangers are all outlined on a detailed label (Kuehn, 2009). This allows patients to take 

over-the-counter medication with the goal of improving wellbeing while a doctor is not 

present. No or poor medication labels have resulted in many errors and tragedy, as people 

are left with no way to know how to use the contents wisely (Brown-Brumfield & 

DeLeon, 2010). Similarly, many data systems display data for educators without 
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sufficient support to use their contents – data – wisely (Coburn, Honig, & Stein, 2009; 

Data Quality Campaign [DQC], 2009, 2011; Goodman & Hambleton, 2004; National 

Forum on Education Statistics [NFES], 2011). 

Fortunately, research indicates label conventions can result in improved 

understanding on non-medication products, as well (Hampton, 2007; Qin et al., 2011). 

Like Kuehn (2009) and DeWalt (2010), Hampton (2007) reported on the topic of labeling 

in The Journal of the American Medical Association. Arguing that the absence of labeling 

makes it difficult for users to determine which devices are safe for particular patients, the 

American Medical Association, American Nurses Association, and other health care 

organizations urged the FDA to require mandatory labeling on medical devices 

containing chemicals found to be harmful to particular populations (Hampton, 2007). 

Even though the devices were deemed safe for some populations, some hospitals did 

away with the non-labeled devices entirely (Hampton, 2007). 

Qin et al. (2011) interviewed 876 adults concerning the impact of cigarette 

warning labels on their understanding of smoking dangers, likelihood of giving cigarettes 

to others, and likelihood of quitting smoking. While Chinese labeling was found to be 

insufficient, foreign label formats such as those used in Canada had a positive impact in 

conveying information such as health warnings (Qin et al., 2011). Qin et al. (2011) found 

warning labels combining text with graphics were more effective than text-only labels, 

clear and direct messages worked best, countries are increasingly mandating better 

graphic imagery and warning labels on cigarette packaging, and labels with detailed risk 

information and graphics were more effective in deterring unhealthy behavior. 

Approximately 33% of smokers reported they were likely to quit smoking due to the 
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warning labels with graphic and detailed cessation and health risk information (Qin et al., 

2011). 

If passed, the HR 3553 Bill would amend the Federal Food, Drug, and Cosmetic 

Act, Federal Meat Inspection Act, and Poultry Products Inspection Act to add the 

requirement that food containing or produced with genetically engineered (GE) material 

be labeled correspondingly (Open Congress, 2011). Clay (2012) reviewed the status of 

the Genetically Engineered Food Right to Know Act (HR 3553), noting the bill would 

also require the FDA to test products periodically for compliance with the labeling 

legislation, as well as institute a framework to ensure the accuracy of labeling. In making 

a case for the non-medication labeling bill, Clay (2012) noted more than 90% of surveyed 

Americans have expressed support for the labeling of GE foods, and this rate of support 

has been maintained for 20 years. 

Though for products other than medication, Hampton (2007), Qin et al. (2011), 

and Clay (2012) offered or called for label recommendations similar to those 

recommended by the FDA for over-the-counter medication labels. The FDA directs the 

pharmaceutical industry to accompany nonprescription medications with clear and 

accurate instructions, which should be tested for usability to ensure that patients of all 

literacy levels can accurately use them. This leads to greater customer safety and 

satisfaction, the cost to test these precautions’ effectiveness is miniscule, and until such 

effectiveness is tested a product is relying on face value and opinion rather than solid 

evidence on how effective its labeling is in reducing errors (DeWalt, 2010). DeWalt, 

(2010) noted drug companies are responsible for making information like dose 

indications clear to patients. A physician’s work in diagnosing a patient and prescribing 
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treatment is meaningless if the patient cannot use the medication properly by the time he 

or she obtains it; assuming the patient will understand how to use the medication is a 

mindset that has been outdated for decades (DeWalt, 2010). Also, research into the 

guidance’s effectiveness is paramount. Providing guidance is a good starting point, but 

proceeding without evidence that the guidance eliminates errors is negligent (DeWalt, 

2010). DeWalt’s (2010) premise comprises part of the motivation behind the Over-the-

Counter Data’s Impact on Educators’ Data Analysis Accuracy study. 

Likewise, Hampton’s (2007), Qin et al.’s (2011), and Clay’s (2012) non-

medication label recommendations were similar to those recommended by Watanabe, 

Gilbreath, and Sakamoto (1994) for over-the-counter medication labels. A Senior 

Assembly Proposal presented to the California Assembly, based on a the 

recommendations of a panel of optometrists and ophthalmologists involved in a New 

England College of Optometry study, called for making over-the-counter medication 

labels more legible though size of at least 1.2mm in vertical height and no more than 40 

characters per inch, noting other legibility factors than type size include letter contrast, 

line spacing, print and background color, and type style (Watanabe, Gilbreath, & 

Sakamoto, 1994). These recommendations were made to improve administration 

accuracy when the contents of over-the-counter medication packaging are consumed. 

This Over-the-Counter Data’s Impact on Educators’ Data Analysis Accuracy study is 

based on the premise that just as over-the-counter medicine’s proper use is communicated 

with a thorough label, and just as over-the-counter label conventions can be applied to 

non-medication products, a data system used to analyze student performance can include 

components that might help users better comprehend the data it contains. 
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Behavioral Economics and Data-Informed Decision-Making 

Simon (1979) purported that people are boundedly rational when making 

decisions. The concept of bounded rationality was introduced as an alternative to rational 

analysis and proposed that people behave in ways that are nearly optimal, as opposed to 

completely optimal, as their resources will allow when seeking their goals (Simon, 1979). 

Behavioral Economics grew from an attempt to map bounded rationality by investigating 

how systematic biases result in differences between people’s decisions and the optimal 

decisions made in rational-agent models (Kahneman, 2003). Simply put, behavioral 

economics accounts for the fact that people do not always behave rationally. 

Hundreds of studies verify that people’s decision-making is inherently biased and 

otherwise flawed (Thaler & Sunstein, 2008). For example, Park (2008) found teachers’ 

biases, such as preconceived notions of what they wanted to do with the data and the 

degree to which they hoped to put these plans into action, impacted the conclusions they 

drew when making data-informed decisions. Factors such as emotions, instincts, biases, 

and loss aversion can all cause people to make decisions that are less than completely 

rational (Kahneman, 2011; Lehrer, 2011). More research is needed on how an adjustment 

to one of these constructs influences the impact of the others (Mitchell, 2010). 

Nonetheless, the format through which context is organized further influences decision-

making, and companies should take advantage of opportunities to influence this decision-

making in ways that will improve people’s lives (Thaler & Sunstein, 2008). When 

companies are those that provide student data systems, the lives most significantly 

impacted by such improvement are students, though other stakeholders can also benefit. 
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Though the full extent of their import was largely unrecognized at the time, the 

writings of Thaler (1980) and of Kahneman, Slovic, and Tversky (1982) laid some of the 

earliest groundwork in behavioral economics. For example, it is now largely accepted 

that the organization of the context within which people make decisions – termed choice 

architecture –impacts decision-making (Thaler & Sunstein, 2008). However, it was not 

until the early 1990s that behavioral economics received widespread acceptance as a field 

somewhere between psychology with economics (Camerer, Loewenstein, & Rabin, 

2003). Now the application of behavioral economics is widespread. For example, 

Horizon Blue Cross Blue Shield of New Jersey is targeting behavioral economics in 

attempts to engage consumers in healthcare delivery (Wood, 2012), and the discipline is 

being used to justify government intervention to combat obesity (Marlow & 

Abdukadirov, 2012). 

Behavioral economics’ import on education is especially noticeable where the use 

of student data is concerned, as educators analyze student data in conjunction with 

decision-making processes. In the 2000s, educators of all levels increasingly embraced 

data-informed decision-making, which involves systematically analyzing data to guide 

decisions aimed at helping students succeed (Marsh et al., 2006). Behavioral economics 

involves two systems of thinking and decision-making (Kahneman, 2003, 2011). These 

two systems can be classified as the Automatic System (System 1), which is intuitive, and 

the Reflective System (System 2), which is rational (Thaler & Sunstein, 2008). Both 

systems control a person’s attention, and one system must borrow attention from the 

other when required since a person’s attention capacity is limited, such as enlisting more 

System 2 thought processes when the brain is in analytic mode and undergoing cognitive 
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strain (Kahneman, 2011). The analysis of student data is a clear example requiring 

System 2, particularly for educators who find the analysis to be unfamiliar or difficult. 

While each of the two systems contributes to decision-making, the process of thinking 

and deciding is also influenced by factors such as priming, biases, heuristics, prototypes, 

judgments, anchoring, and framing (Kahneman, 2011). For example, small and 

seemingly insignificant differences in how content is arranged can mean a significant 

difference in the decisions people make based on that content (Thaler & Sunstein, 2008). 

Priming. Priming is a dimension of behavioral economics that involves one idea 

resulting in another, among many. Basically, a subtle influence such as a hint of an idea 

primes one’s thoughts, which then impact one’s actions in ways that can be surprisingly 

significant (Thaler & Sunstein, 2008). Virtually anything can serve as a priming source, 

such as a word, an action, or a gesture (Kahneman, 2011). Behavioral economics research 

on priming is relegated to conclusions concerning tendencies, and not enough is known 

about how priming is influenced by real-life factors such as people changing and learning 

(Mitchell, 2010). 

When applied to data-informed decision-making, an important source of priming 

can involve resources educators interact with before viewing data to inform their 

decisions: the resources prime the educator’s thoughts concerning the data, and then 

those thoughts prime the educator’s decisions. For example, Goodman, and Hambleton 

(2004) noted the value gained in states that accompanied data reports with information 

for parents to read before reading and interpreting the data. More subconscious priming 

sources involved in data-informed decision-making include the environment in which 
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analyses take place and the individual’s associations with those facilitating the session, 

the data system used and the individual’s associations with technology, etc. 

Biases, heuristics, prototypes, and judgments. Research confirms that decisions 

people make are inherently flawed due to factors such as bias (Thaler & Sunstein, 2008). 

For example, the institutional nature of military decision-making processes (MDMP), 

organizational culture, and individuality all impact the heuristics and biases that influence 

how military commanders respond to surprises while in action (Williams, 2010). System 

1 thought processes use biases and heuristics, such as prototypes, to speed up thinking 

and decision-making; a social example of this is a stereotype, which does not necessarily 

lead to an accurate conclusion (Kahneman, 2011). 

Biases, heuristics, and prototypes, as well as the judgments to which they lead, are 

not always undesirable. For example, if someone is walking down a dark alley and a van 

with tinted windows pulls up, it would be wise to avoid the van. However, biases, 

heuristics, and prototypes can also cause flawed judgments, such as where data-informed 

decision-making is concerned. For example, urban high school teachers’ biases in the 

form of preconceived notions impacted the conclusions they drew when making data-

informed decisions (Park, 2008). 

Anchoring. An anchor is a value someone considers before estimating the 

quantity of something, such as a home’s asking price, and anchoring effect is the 

phenomenon that causes his or her estimate to stay closer to the anchor than it might have 

been is the anchor were not considered (Kahneman, 2011). Anchoring usually results in 

an estimate that does not match reality (Williams, 2010). Thus anchoring is another 

example of a heuristic (Thaler & Sunstein, 2008). Anchoring can occur in data-informed 
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decision-making when educators have preconceived notions of an entity’s performance. 

For example, if Teacher A heard in the staff room that 68% of her school’s students 

passed the state graduation test, her analysis of state graduation test data might later be 

skewed – or anchored – by her consideration of the statistic she heard in the staff room. 

Essentially, the anchor primed the teacher’s thoughts, which then primed her actions. 

Thus the skewed analysis Teacher A made is likely to result in skewed data-informed 

decision-making. 

Framing. The manner in which content is organized for people using it to make 

decisions significantly impacts those decisions (Thaler & Sunstein, 2008). Framing 

applies to how information is presented, as presenting the same information to someone 

in different ways will often result in different emotions and different levels of difficulty 

in understanding or analyzing the information (Kahneman, 2003, 2011). Framing thus 

plays a large role in data analysis accuracy and data-informed decision-making (see the 

Chapter 2: Literature Review: History of Specific Research Contributions section for a 

historic timeline of research-based recommendations for report design, which relate to 

framing). Thus the reports used in this Over-the-Counter Data’s Impact on Educators’ 

Data Analysis Accuracy study subscribed to leading research-based recommendations 

concerning the best ways in which to present the data in report format, though they did so 

in a way that did not deviate from what is commonly seen in data systems currently on 

the market. In other words, reports used in the Over-the-Counter Data’s Impact on 

Educators’ Data Analysis Accuracy study adhered to the better data presentations 

commonly seen in data systems, but they did not adhere to the best data presentations that 

– despite being more effective – are not yet commonly seen in student data systems. 



96 
 

Suggested ways to present analysis guidance in footers, abstracts, and 

interpretation guides were also utilized in the Over-the-Counter Data’s Impact on 

Educators’ Data Analysis Accuracy study, but the best manner in which to frame these 

resources had not yet been determined in regards to direct impact on analysis accuracy. 

Thus each of the three support resources were framed in two different formats for 

respondents in the Over-the-Counter Data’s Impact on Educators’ Data Analysis 

Accuracy study. 

The Current State of Educators’ Data Analysis Skills 

Educators must be skilled at using data daily to improve student learning, yet 

many are not (Zwick et al., 2008). Misunderstandings about how to use data and a data 

system can cripple data use in a school district and cause low data system use rates and 

resistance to data (Wayman et al., 2009). Unfortunately, not all educators have the skills 

needed to successfully use data to inform decisions, and having data does not mean it will 

be used properly (Marsh et al., 2006). Few educators automatically know how to use 

available data effectively (DQC, 2009). 

For example, educators’ incomplete understanding of statistics can lead them to 

draw false conclusions from data (Marsh et al., 2006). Many teachers and administrators 

do not know fundamental analysis concepts, and 70% have never taken a college or post 

graduate course in educational measurement (Zwick et al., 2008). Few teacher 

preparation programs cover topics like state data literacy (Halpin & Cauthen, 2011; 

Stiggins, 2002). Training programs for teachers have generally not addressed data skills 

and data-informed decision-making (USDEOPEPD, 2011). In fact, most people 
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responsible for analyzing data have received no training to do so (DQC, 2009; Few, 

2008). 

Many educators experience difficulties just trying to understand the data they are 

analyzing (Goodman & Hambleton, 2004; Hambleton, 2002; Hattie, 2010; NRC, 2001). 

Teachers have frequent difficulties using data, express a need for easier ways to use data, 

and are overwhelmed by data, (Wayman et al., 2010). For example, teachers have 

difficulty using data systems due to varying technological sophistication levels when it 

comes to using the data system to interpret student data, even amongst teachers who 

serve as assessment coaches to their peers (Underwood et al., 2008). The problem is not 

restricted to teachers. Stakeholders at all levels have trouble interpreting data, such as 

principals who are intimidated by data and need training, and teacher coaches who are 

not tech-savvy and have trouble sharing assessments and data system knowledge with 

teachers (Underwood et al., 2008). State-level stakeholders are also at varying stages of 

being able to actually analyze the data that data systems display (Minnici & Hill, 2007). 

Even at the state level, stakeholders are not using student data effectively (Halpin & 

Cauthen, 2011). However, if data system users do not understand how to properly 

analyze data, the data will be used incorrectly if it is used at all (NFES, 2011). 

One of the most comprehensive studies on the topic of teacher data analysis 

accuracy, which was conducted for the U.S. Department of Education Office of Planning, 

Evaluation and Policy Development (USDEOPEPD) (2009) in relation to NCLB, 

involved case studies of 18 schools in nine school districts that were selected for their 

reputations for strong data use. Despite these promising reputations, researchers found 

teachers’ responses to hypothetical student data suggested they have difficulty with 
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question posing, data comprehension, and data interpretation (USDEOPEPD, 2009). 

Teachers answered 44% of questions incorrectly in the area of question posing, 36% 

incorrectly in data comprehension, and 52% incorrectly in data interpretation 

(USDEOPEPD, 2009). The study was based on the first round of site visits for the 

national Study of Education Data Systems and Decision Making that ultimately aimed to 

determine how common education data systems are, how available they are to teachers, 

their qualities, and their roles in data-driven decisions taking place in schools 

(USDEOPEPD, 2009).  

Likewise, a study of teachers at 13 school districts considered exemplars of active 

data use, where teachers have access to student data systems and receive support in data-

informed decision-making, rendered scores of 48% correct when making data inferences 

involving basic statistical concepts such as variability, measurement error or distribution 

(USDEOPEPD, 2011). Some teachers struggled to make sense of data representations, 

and a sizeable proportion of teachers made inaccurate inferences when trying to frame 

data system queries, make sense of differences, or make sense of trends. Given that these 

insufficiencies were found at districts known for strong data use, teachers’ struggles 

witnessed there are likely present at other districts. It is unlikely teachers at districts 

where data use is less emphasized would make more accurate data analyses than those 

described in a study of districts considered exemplars of data use (USDEOPEPD, 2011). 

Controversy Concerning the Best Way to Improve Data Analysis Accuracy 

Most educators are eager to analyze and then act on the data they see, but they 

cannot correctly interpret it when they do not have the required knowledge and 

understanding to do so (van der Meij, 2008). Many theories have surfaced on how to 
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provide educators with the knowledge and understanding needed to improve the accuracy 

of their data-informed conclusions. Two of these theories dominated most literature on 

the topic. One theory is PD can improve educators’ data analysis accuracy (Lukin et al., 

2004; Sanchez et al., 2009; Zwick et al., 2008). The other prevailing theory is staff – such 

as site leaders, data teams, data experts, and/or instructional coaches – can improve 

educators’ data analysis accuracy (Bennett & Gitomer, 2009; McLaughlin & Talbert, 

2006). Most experts supported both of these two theories, recommending both PD and 

staffing to improve data use (Marsh et al., 2006; NFES, 2011; USDEOPEPD, 2009; and 

VanWinkle et al., 2011). Receiving less but growing attention is a third theory: supports 

within data systems can improve educators’ data analysis accuracy (Hattie, 2010; 

Underwood et al., 2010; Wayman et al., 2010; Zapata-Rivera & VanWinkle, 2010). 

Supports Outside of Data Systems Are Not Enough 

As an example of dominating research themes, recommendations by authorities 

such as the U.S. Department of Education for using data to support instructional 

decisions focused on PD, accessing data from multiple sources, site-based data teams, 

and data discussions, and overlooked the prospect of including analysis guidance within 

the data system, adding tools to improve data interpretations are missing from most data 

systems (USDEOPEPD, 2009). The call for making data systems and their reports share 

the responsibility of improving educators’ data interpretations signaled a monumental 

shift in data skills research (Hattie, 2010). Historically, the burden of boosting educators’ 

data skills was placed on PD and staff resources. While experts concluded those two 

approaches are beneficial, PD and staff resources are not enough. Data systems do not 

include proper support for interpreting data and turning results into action, despite the 



100 
 

fact that teachers do not often know how to translate data into action (Rennie Center for 

Education Research and Policy [RCERP], 2006). This could become the biggest 

challenge facing effective data use once educators are accessing technology otherwise 

deemed adequate (RCERP, 2006). 

For example, those who receive PD can continue to struggle. The most common 

method of supporting data-informed decision-making is PD focused on understanding 

test data, but its value varies, the majority of teachers and principals do not find it to be 

helpful, and sessions do not typically cover how to use test results for instructional 

planning (Marsh et al., 2006). In one study involving teachers who had taken at least one 

course in measurement, all teachers struggled afterwards with statistical terms and 

measurement concepts (Zapata-Rivera & VanWinkle, 2010). 

Likewise, staff supports do not always operate as intended. Knowledge 

management research indicated knowledge can be hard to share with others, even when 

the intention to share it is there, especially when that knowledge is associated with power 

or status (Cho & Wayman, 2009). Site leaders are another source of data analysis 

support, but the quality of leadership varies (Marsh et al., 2006). Also, teachers and other 

educators are quick to take the lead in using data, but in doing so they often operate in 

front of those planning how they will be supported (Wayman et al., 2010; Wayman & 

Stringfield, 2006). Problems persist even at higher levels; states need trained researchers 

and high-level analysts to make full use of the data they have, yet few states have the 

resources to add these staff members (DQC, 2009). 

In addition, district budgets are limited, and while selecting a data system with 

analysis support over one without does not have to cost added funds, PD and additional 
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staffing typically do. While teachers feel more comfortable with in-person PD, this 

training format is expensive and research showed that single-day workshops do not 

significantly alter teacher behavior (Fletcher, 2012). Translating data into action is 

complex, and in order to effectively use data analysis tools teachers will need ongoing 

support; these are offered in the form of coaches and PD, but at a cost (Rennie Center for 

Education Research and Policy, 2006). Data staff and training resources can be limited at 

the local level, as is staff with proper data analysis experience and skills at the state level 

(McDonald et al., 2007). 

Even when budgets do allow for extensive PD and support staff, these supports 

are not ever-present. Most teachers are making instructional decisions based on data they 

view while alone (USDEOPEPD, 2009), helping to explain why even staff at a district 

with the funds for PD and added staffing continues to draw incorrect “data-informed” 

conclusions. Most teachers do not collaborate with others when using data, and many 

teachers do not have enough time to discuss data with others (Wayman et al., 2009). Thus 

a data system can serve as a virtual data coach when colleagues or trainers are not 

present. Providing a data system that is designed specifically for its users’ needs is more 

effective than expecting training to get users as prepared as they need to be to use the 

system and its data (Underwood et al., 2008). There is a clear need for research 

identifying how assessment results can most effectively be reported (Goodman & 

Hambleton, 2004; Hattie, 2010). However, research promoting analysis supports within 

data systems left some questions unanswered. 
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Unanswered Question 1: Content 

Experts agreed more could be asked of data systems to improve data analyses 

(DQC, 2010; Lyrén, 2009; Odendahl, 2011; Wayman et al., 2010). However, there were 

conflicting viewpoints as to how the data system can best do this. One unanswered 

question relates to content. When adding data analysis guidance to a data system, 

providers need to know what supporting text should contain. The recommendations were 

vast, yet experts also cautioned against including everything. Consider the following 

sampling of recommendations: 

Underwood, Zapata-Rivera, and VanWinkle (2010) suggested enhancing existing 

reports with descriptions to aid understanding of graphics, warnings concerning 

interpretation limitations, and suggestions for how to apply the data to decision-making. 

DQC (2009) stated reports need textual information like how calculations were 

performed and data collection details to help users understand report context. VanWinkle, 

Vezzu, and Zapata-Rivera (2011) suggested including purpose, use, and cautions 

concerning interpretation limitations. Term definitions should also be included (Wayman 

et al., 2009; Zapata-Rivera & VanWinkle, 2010). Others called for explanations, such as 

what the test covers, score and performance level meanings, descriptions of skills and 

knowledge assessed, score precision, common misinterpretations, uses for scores, and a 

breakdown of the skills and knowledge each student has (Odendahl, 2011). For example, 

accountability reports should contain adequate interpretive information, including 

cautions concerning possible misinterpretations, and should be designed with the goal 

that even one’s next-door-neighbor should understand their meaning (Fast & State 

Collaborative on Assessment and Student Standards Accountability Systems and 
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Reporting Consortium [SCASSASRC], 2002). Zapata-Rivera and VanWinkle (2010) 

recommended including report purpose and use. 

If text added to reports could accommodate all the above recommendations, there 

would be no controversy. However, the current trend to include more description and 

explanation in reports is misleading if the added information is not proven to increase 

interpretation accuracy, and though not enough research has been done in this area, 

reports should rely more on visuals than text (Hattie, 2010). Too much information or 

text can overwhelm users and cause them to miss higher-level implications (Hattie, 2010; 

VanWinkle et al., 2011; Zapata-Rivera & VanWinkle, 2010). Despite recommendations 

for added text, effective score reports are clear, concise, easy to read, and jargon-free 

(Odendahl, 2011). In addition, some stakeholders do not like reports that are too technical 

and contain complex definitions, and it is important to find a balance between including 

too much information and too little information on score reports (Sabbah, 2011). Even 

under ideal circumstances, social science research confirms that people do not always 

make the best use of resources, even when that use directly impacts their wellbeing 

(Thaler & Sunstein, 2008). Thus practitioners must balance the many research-based 

requests for added text and strive to include only the text that future research deems most 

pertinent. 

Unanswered Question 2: Quantity 

Data system providers also need to know what the right quantity of guidance is in 

order to help but not overwhelm the user, as too much added information can overwhelm 

the audience, rendering the guidance unused and thus useless. As seen above, many 

studies had long lists of items that systems and reports should contain, but equally 
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prevalent was research noting how easily educators can be overwhelmed by such 

information. Consider the following recommendations: 

VanWinkle et al., (2011) considered differing users’ abilities to analyze data 

when suggesting reports should offer information to cater to users with both beginning 

and advanced analysis skills, such as through the use of both text and graphics to 

communicate results, and should provide guidance in how to make the right selections to 

generate appropriate score reports. Others suggested a glossary of terms and other 

interpretive information (Goodman & Hambleton, 2004; Hattie, 2010). Help manuals and 

guides were also popular. Experts recommended offering a short, targeted manual 

(Hattie, 2010; van der Meij, 2008). However, teachers who do not use a data system 

suggested they would use it on their own if it contained step-by-step instructions as 

opposed to a complicated help guide, a more user-friendly interface, and information 

about data available and how this data can be used (Underwood et al., 2008). 

Others suggested interpretation guides. Many experts agreed systems should 

include support for how to interpret and use the data correctly (Lyrén, 2009; Odendahl, 

2011; Underwood et al., 2010; VanWinkle et al., 2011). The Council of Chief State 

School Officers Accountability Systems and Reporting State Collaborative checklist for 

communicating accountability results recommended reports communicate all relevant 

data clearly, promote accurate interpretation and use of data, use a format that helps 

schools learn how to use the data, apply the latest research in effective reporting, and 

include information guides and clear explanations of correct versus incorrect 

interpretations of the data when reporting to parents or the general public (Perie et al., 

2007). 
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Experts also recommended offering sample test questions, sources for more 

information, suggestions for improving performance, score imprecision aspects 

(Goodman & Hambleton, 2004; Odendahl, 2011). Zapata-Rivera and VanWinkle (2010) 

also recommended including examples and sample questions. National Forum on 

Education Statistics (2006) noted to truly be a decision support system, a data system 

needs robust reporting tools that can include explanatory information within charts, 

legends, citations, explanations, and other information to clarify the data’s meaning. 

Links are also popular. Experts noted a link leading to an abstract-like explanation 

of report components can help users with varied analysis skills better understand the 

report’s terms, interpretations, resources for more information, purpose, and use, as lack 

of such information can negatively impact the report’s use and interpretation (Goodman 

& Hambleton, 2004; NFES, 2011; VanWinkle et al., 2011). Data system links to helpful 

resources, training materials, and video tutorials can complement traditional training 

sessions and guarantee a wide audience’s access to training when formal training cannot 

be provided, ensure new staff members are trained after formal training sessions have 

passed, and offer training as users’ needs evolve (NFES, 2011). The Data Quality 

Campaign (2009) also stated a data system will not lead to improved student performance 

unless educators know how to analyze the data, so online tutorials on how to use specific 

reports are needed. 

Once again, practitioners must balance the many research-based requests for 

added features and strive to include only features that future research deems most 

pertinent. Data systems and their reports should include whatever information that helps 

users correctly interpret and use the data (Fast & SCASSASRC, 2002; NFES, 2011; 
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Sabbah, 2011; Tufte, 2011). However, to help practitioners choose between research-

based recommendations for data system text and features, more research is needed on 

how these variables can help in the data’s analysis (Goodman & Hambleton, 2004). 

Unanswered Question 3: Impact of Each Component on Analysis Accuracy 

Since not every recommendation may be accommodated (as other 

recommendations discourage including too many supports), research must determine how 

likely each data system support is to increase analysis accuracy – essentially, how various 

recommendations compare to one another in effectiveness. Historically, some researchers 

sought to address this issue. Aschbacher and Herman (1991) offered some help with this 

controversy, suggesting that a report be balanced and devote space to explanations based 

on their importance. However, the questions of which components are most important 

and where the cutoff for space occurs remained unanswered. Unfortunately, construct 

validity is often weak in studies of report format in education, as studies often involve 

case studies or focus groups that are used to examine which reports educators prefer or 

which reports educators identify as helpful. This means researchers are examining 

participant preference and opinion but not necessarily report success rates. 

For example, Underwood et al. (2008) noted teachers do not understand or value 

some data included in data system reports and have difficulty using data systems due to 

varying technological sophistication levels, even amongst teachers who serve as 

assessment coaches to their peers. Underwood et al. (2008) found providing a data 

system designed specifically for users’ needs is more effective than expecting training to 

get users as prepared as they need to be to use the system and its data, and teachers who 

do not use a data system suggest they would use it on their own if it contained more 
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support for using the data. Underwood et al. (2008) recommended features teachers feel 

will best facilitate their appropriate use and analyses of the data. However, while teacher 

preference and opinion is helpful to know, other research noted the approach’s limitations 

when it comes to applying the results to practice. Focus group research, which is the main 

approach to understanding report interpretations, showed report format users report 

preferring could be the opposite of the reporting format they most accurately interpret 

(Hattie, 2010). Thus the question of how reports can best be improved to enhance 

analysis accuracy rather than appeal to user preference remained unanswered. 

As another example, Zapata-Rivera and VanWinkle (2010) found teachers need 

additional help understanding measurement concepts and statistical terms, and adding 

information to reports can provide this help. In a study involving teachers who had taken 

at least one course in measurement, all teachers struggled afterwards with statistical terms 

and measurement concepts and 60% of teachers had difficulty explaining a term used in a 

score report (Zapata-Rivera & VanWinkle, 2010). Zapata-Rivera and VanWinkle (2010) 

did important work in determining the types of data mistakes teachers were making, and 

the conditions under which they were making these mistakes. However, in trying to 

pinpoint how score reports can more clearly communicate appropriate data-informed 

actions, Zapata-Rivera and VanWinkle (2010) interviewed teachers concerning which 

reports they preferred and recommended adding term definitions, examples, and sample 

questions to reports (Zapata-Rivera & VanWinkle, 2010). While teacher preference is 

helpful to know, this research is like that of Underwood et al. (2008) in that its ability to 

apply theory to practice is limited, as preference is not equivalent to proven effectiveness. 
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Thus the question of how reports can best be improved to enhance analysis accuracy 

rather than appeal to user preference still remained unanswered. 

Summary 

Educators’ data-informed decisions can improve student learning (Sabbah, 2011; 

Underwood et al., 2010; Wohlstetter et al., 2008). Research reveals that most educators 

have access to data systems to generate and analyze student score reports (Aarons, 2009; 

Herbert, 2011), and educators use data systems to make decisions that impact students 

(VanWinkle et al., 2011). However, literature also features evidence educators do not use 

this data correctly, and there is clear evidence many users of data system reports have 

trouble understanding the data (Hattie, 2010; NRC, 2001; Wayman et al., 2010; Zwick et 

al., 2008). For example, in a national study of districts known for strong data use, 

teachers incorrectly interpreted data in 52% of instances (USDEOPEPD, 2009). It is 

unlikely teachers at districts where data use is less emphasized would make more 

accurate data analyses than those described in a study of districts considered exemplars of 

data use (USDEOPEPD, 2011). 

Possible causes for these inadequacies include the facts that few teacher 

preparation programs cover topics like assessment data literacy (Halpin & Cauthen, 2011; 

Stiggins, 2002), and most people responsible for analyzing data received no training to do 

so (DQC, 2009; Few, 2008). While literature supports PD and staff supports as potential 

sources of improved data analysis accuracy, literature also indicates these approaches are 

not exhaustive, as both have limitations. For example, PD’s value varies, the majority of 

teachers and principals do not find it to be helpful, and sessions do not typically cover 

how to use test results for instructional planning (Marsh et al., 2006). In one study 
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involving teachers who had taken at least one course in measurement, all teachers 

struggled afterwards with statistical terms and measurement concepts (Zapata-Rivera & 

VanWinkle, 2010). In-person PD is expensive and research showed that single-day 

workshops do not significantly alter teacher behavior (Fletcher, 2012). Data staff and 

training resources can be limited at the local level, as is staff with proper data analysis 

experience and skills at the state level (McDonald et al., 2007). Even when budgets do 

allow for extensive PD and support staff, these supports are not ever-present. Most 

teachers do not collaborate with others when using data, and many teachers do not have 

enough time to discuss data with others (Wayman et al., 2009). Most teachers are making 

instructional decisions based on data they view while alone (USDEOPEPD, 2009), 

helping to explain why even staff at a district with the funds for PD and added staffing 

continues to draw inaccurate “data-informed” conclusions. Research contains evidence 

providing a data system that is designed specifically for its users’ needs is more effective 

than expecting training to get users as prepared as they need to be to use the system and 

its data (Underwood et al., 2008). The process of thinking and deciding is also influenced 

by factors such as priming, biases, heuristics, prototypes, judgments, anchoring, and 

framing (Kahneman, 2011). Even small and seemingly insignificant differences in how 

content is arranged can mean a major impact on the decisions people make based on that 

content (Thaler & Sunstein, 2008). This means data-informed decision-making is 

influenced by these behavioral economics dimensions, so added data analysis supports 

embedded within a data system must also have their optimal framing formats determined. 

Growing research attention is devoted to data systems’ role in the data analysis 

process. Data use impacts students, and misunderstandings when using data systems can 
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cripple data use (Wayman et al., 2009). Literature indicates data systems do not include 

proper support for interpreting data and turning results into action (RCERP, 2006). Many 

data systems display data for educators without sufficient support to use their contents – 

data – wisely (Coburn et al., 2009; DQC, 2009, 2011; Goodman & Hambleton, 2004; 

NFES, 2011).  

Meanwhile, research indicates many benefits of over-the-counter medication 

labeling. For example, missing or inadequate medication labels have resulted in many 

errors and tragedy, as they leave people with no way to know how to use the contents 

wisely (Brown-Brumfield & DeLeon, 2010). Hampton (2007), Qin et al. (2011), and 

Clay (2012) offered or called for label recommendations similar to those recommended 

by the FDA for over-the-counter medication labels. Research contains evidence label 

conventions can result in improved understanding on non-medication products, as well 

(Hampton, 2007; Qin et al., 2011). Despite this, labeling and tools within data systems to 

assist analysis are uncommon, even though most educators analyze data alone 

(USDEOPEPD, 2009). 

Thus the prospects of applying over-the-counter medication labeling benefits to 

data systems is worthy of exploration. However, research promoting analysis supports 

within data systems left key questions unanswered. For example: (a) there are conflicting 

findings concerning what additional analysis information should be included with data 

reports, leaving the question of content unanswered; (b) research contains evidence not 

all recommendations should be included on or with reports since the magnitude can 

overwhelm educators and lead to less success than the inclusion of fewer details, leaving 

the question of quantity unanswered; and (c) since not every recommendation may be 
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accommodated, and research is needed to determine how likely each data system support 

is to increase analysis accuracy, the question of each component’s impact has been left 

unanswered. Literature notes a clear need for research specifically identifying how 

reports can better facilitate correct interpretations by its users (Goodman & Hambleton, 

2004; Hattie, 2010). The full potential of data systems that generate these reports will not 

be reached until researchers contribute to improving data system design to improve data 

analyses (DQC, 2011). 
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Chapter 3: Research Method 

The problem investigated was educators make data analysis errors impacting 

students, yet data systems and reports do not include analysis help, and it was undecided 

whether adding supports to data systems can reduce the number of analysis errors. Data-

informed decisions can improve learning (Sabbah, 2011; Underwood, Zapata-Rivera, & 

VanWinkle, 2010; Wohlstetter, Datnow, & Park, 2008). Educators worldwide test 

students, distribute score reports, and expect stakeholders to make improvements based 

on these reports (Hattie & Brown, 2008). Most educators have access to data systems to 

generate and analyze score reports (Aarons, 2009; Herbert, 2011). 

Unfortunately, educators do not use this data correctly, and there is clear evidence 

many users of data system reports have trouble understanding the data (Hattie, 2010; 

National Research Council, 2001; Wayman et al., 2010; Zwick et al., 2008). For example, 

in a national study of districts known for strong data use, teachers incorrectly interpreted 

52% of data (USDEOPEPD, 2009). Few teacher preparation programs cover topics like 

assessment data literacy (Halpin & Cauthen, 2011; Stiggins, 2002), most people 

analyzing data received no training to do so (DQC, 2009; Few, 2008), and human biases 

compromise judgment and complicate decision-making processes (Kahneman, 2011). 

Data use impacts students, and misunderstandings when using data systems can 

cripple data use in school districts (Wayman, Cho, & Shaw, 2009). Yet labeling and tools 

within data systems to assist analysis are uncommon, even though most educators 

analyze data alone (USDEOPEPD, 2009). There is a clear need for research identifying 

how reports can better facilitate correct interpretations by its users (Goodman & 

Hambleton, 2004; Hattie, 2010). The power of data systems that generate these reports 
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will not be realized until researchers contribute to improving data system design to 

improve analysis (DQC, 2011). 

The purpose of this experimental quantitative study, conducted in a laboratory 

environment, was to facilitate causal inferences concerning the degree to which including 

different forms of data usage guidance within a data system reporting environment can 

improve educators’ understanding of the data contents, much like including different 

forms of usage guidance with over-the-counter medication is needed to properly 

communicate how to use its contents. Independent variables included brief, cautionary 

verbiage in report footers, report-specific abstracts, and report-specific interpretation 

guides. The dependent variable was accuracy of data analysis-based responses. The 

researcher explored three data analysis supports provided by a data system, each framed 

in two different formats, by presenting 211 elementary and secondary educators in 

ethnically and culturally diverse southern California with different versions of the same 

two student achievement data report environments. Each of these report sets fit into one 

of the following treatment categories (a) no added analysis support; (b) analysis support 

by way of footers directly on the reports, which were offered in two different framing 

styles; (c) analysis support by way of abstracts, which accompanied the reports and were 

offered in two different framing styles; and (d) by way of interpretation guides, which 

accompanied the reports and were offered in two different framing styles (see Appendix 

C for reports and handouts). The researcher then compared the results of educators using 

data system reports embedded with data analysis guidance in the varied formats noted 

above (a-c). Participant responses were collected through a web-based questionnaire 

crafted and administered in Google Docs, taking advantage of the Google Form feature, 
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and involved groups of no more than 30 respondents at each administration time at each 

participant’s school site. Data was collected at one point in time for each participant 

within a one-month research window. Findings from this research are suited to identify 

whether data systems used by educators can help prevent common analysis mistakes by 

providing analysis support within the interface and the reports they are used to generate. 

This paper features an exploration of the concept of over-the-counter data: 

essentially, the prospect of improving educators’ data use by embedding data usage 

guidance within the data systems they are using to analyze data, just as over-the-counter 

medication is packaged with usage guidelines. Table 3.01 illustrates research questions 

that were used to explore the impact of three variables on data analysis accuracy: brief, 

cautionary verbiage in report footers; report abstracts; and interpretation guides.  Table 

3.02 illustrates research questions relating to variables that could possibly have impacted 

educators’ likelihood of using the investigated supports and/or educators’ data analyses, 

and were thus included to help better understand the implications of findings addressed 

by the primary research questions illustrated in Table 3.01. 

Research method and design will be discussed and will address the 

appropriateness of the method, use of a pilot test, and alignment with other study 

components. Participants and materials/instruments involved in the study will be 

explained. Variables and data procedures will be outlined, as will methodological 

assumptions, limitations, and delimitations. Finally, the paper will feature a thorough 

account of ethical assurances, followed by a summary. 
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Table 3.01: Primary Research Questions and Hypotheses 

Research Question Null Hypothesis Alternative Hypothesis 

 

Q1. What impact does data 

analysis guidance 

accompanying a data 

system report in the form of 

footer, abstract, or 

interpretation guide have on 

how frequently educators 

draw accurate conclusions 

concerning student 

achievement data? 

 

H10. The null hypothesis 

was that accompanying a 

report with a support 

containing analysis 

guidance in the form of 

footer, abstract, or 

interpretation guide would 

not have a positive impact 

on the frequency of 

accurate conclusions 

educators drew concerning 

student achievement data. 

 

H1a. The alternative 

hypothesis was that 

accompanying a report with 

a support containing 

analysis guidance in the 

form of footer, abstract, or 

interpretation guide would 

have a positive impact on 

the frequency of accurate 

conclusions educators drew 

concerning student 

achievement data. 

Q2a. What impact does a 

footer with analysis 

guidelines on a data system 

report have on how 

frequently educators draw 

accurate conclusions 

H2a0. The null hypothesis 

was that accompanying a 

report with a supportive 

footer containing analysis 

guidance would not have a 

positive impact on the 

H2aa. The alternative 

hypothesis was that 

accompanying a report with 

a supportive footer would 

have a positive impact on 

the frequency of accurate 
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concerning student 

achievement data? 

frequency of accurate 

conclusions educators drew 

concerning student 

achievement data. 

conclusions educators drew 

concerning student 

achievement data. 

Q2b. What impact does the 

manner in which a footer is 

framed, in terms of 

moderate differences in 

length and text color, have 

on its ability to impact the 

frequency with which 

educators draw accurate 

conclusions concerning 

student achievement data? 

H2b0. The null hypothesis 

was that the manner in 

which a footer was framed, 

in terms of moderate 

differences in length and 

text color, would not have 

an impact on the frequency 

with which educators drew 

accurate conclusions 

concerning student 

achievement data. 

H2ba. The alternative 

hypothesis was that the 

manner in which a footer 

was framed, in terms of 

moderate differences in 

length and text color, would 

have an impact on the 

frequency of accurate 

conclusions educators drew 

concerning student 

achievement data. 

Q3a. What impact does 

providing a report abstract, 

such as a one-page 

reference sheet with report 

purpose and data use 

warnings specific to the 

H3a0. The null hypothesis 

was that including a report 

abstract with a data system 

report would not have a 

positive impact on the 

frequency with which 

H3aa. The alternative 

hypothesis was that 

including a report abstract 

with a report would have a 

positive impact on the 

frequency of accurate 
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report it accompanies, with 

a data system report have 

on how frequently 

educators draw accurate 

conclusions concerning 

student achievement data? 

educators drew accurate 

conclusions concerning 

student achievement data. 

conclusions educators drew 

concerning student 

achievement data. 

Q3b. What impact does the 

manner in which an 

abstract is framed, in terms 

of moderate differences in 

density and header color, 

have on its ability to impact 

the frequency with which 

educators draw accurate 

conclusions concerning 

student achievement data? 

H3b0. The null hypothesis 

was that the manner in 

which an abstract was 

framed, in terms of 

moderate differences in 

density and header color, 

would not have an impact 

on the frequency with 

which educators drew 

accurate conclusions 

concerning student 

achievement data. 

H3ba. The alternative 

hypothesis was that the 

manner in which an 

abstract was framed, in 

terms of moderate 

differences in density and 

header color, would have 

an impact on the frequency 

of accurate conclusions 

educators drew concerning 

student achievement data. 

Q4a. What impact does 

providing an interpretation 

guide, such as a two-sided 

H4a0. The null hypothesis 

was that including an 

interpretation guide with a 

H4aa. The alternative 

hypothesis was that 

including an interpretation 
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reference sheet with 

analysis guidance and 

examples specific to the 

report it accompanies, with 

a data system report have 

on how frequently 

educators draw accurate 

conclusions concerning 

student achievement data? 

data system report would 

not have a positive impact 

on the frequency with 

which educators drew 

accurate conclusions 

concerning student 

achievement data. 

guide with a report would 

have a positive impact on 

the frequency of accurate 

conclusions educators drew 

concerning student 

achievement data. 

Q4b. What impact does the 

manner in which an 

interpretation guide is 

framed, in terms of 

moderate differences in 

length and information 

quantity, have on its ability 

to impact the frequency 

with which educators draw 

accurate conclusions 

concerning student 

achievement data? 

H4b0. The null hypothesis 

was that the manner in 

which an interpretation 

guide was framed, in terms 

of moderate differences in 

length and information 

quantity, would not have an 

impact on the frequency 

with which educators drew 

accurate conclusions 

concerning student 

achievement data. 

H4ba. The alternative 

hypothesis was that the 

manner in which an 

interpretation guide was 

framed, in terms of 

moderate differences in 

length and information 

quantity, would have an 

impact on the frequency of 

accurate conclusions 

educators drew concerning 

student achievement data. 
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Table 3.02: Secondary Research Questions Informing Implications Addressed by 
Primary Research Questions 

 

Research Question Null Hypothesis Alternative Hypothesis 

Q5a. What impact does an 

educator’s school site level 

type (i.e., elementary or 

secondary) have on the 

frequency with which he or 

she draws accurate 

conclusions concerning 

student achievement data? 

H5a0. The null hypothesis 

was that an educator’s 

school site level (i.e., 

elementary, middle/junior 

high, or high school) would 

have an impact on the 

frequency of accurate 

conclusions he or she drew 

concerning student 

achievement data. 

H5aa. The alternative 

hypothesis was that an 

educator’s school site level 

(i.e., elementary, 

middle/junior high, or high 

school) would not have an 

impact on the frequency of 

accurate conclusions he or 

she drew concerning 

student achievement data. 

Q5b. What impact does an 

educator’s school site level 

(i.e., elementary, 

middle/junior high, or high 

school) have on the 

frequency with which he or 

she draws accurate 

H5b0. The null hypothesis 

was that an educator’s 

school site level type (i.e., 

elementary or secondary) 

would have an impact on 

the frequency of accurate 

conclusions he or she drew 

H5ba. The alternative 

hypothesis was that an 

educator’s school site level 

type (i.e., elementary or 

secondary) would not have 

an impact on the frequency 

of accurate conclusions he 
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conclusions concerning 

student achievement data? 

concerning student 

achievement data. 

or she drew concerning 

student achievement data. 

Q5c. What impact does an 

educator’s school site 

academic performance, as 

measured by the 2012 

Growth Academic 

Performance Index (API), 

which is the California state 

accountability measure, 

have on the frequency with 

which he or she draws 

accurate conclusions 

concerning student 

achievement data? 

H5c0. The null hypothesis 

was that an educator’s 

school site academic 

performance, as measured 

by the 2012 Growth 

Academic Performance 

Index (API), which is the 

California state 

accountability measure, 

would have an impact on 

the frequency of accurate 

conclusions he or she drew 

concerning student 

achievement data. 

H5ca. The alternative 

hypothesis was that an 

educator’s school site 

academic performance, as 

measured by the 2012 

Growth Academic 

Performance Index (API), 

which is the California state 

accountability measure, 

would not have an impact 

on the frequency of 

accurate conclusions he or 

she drew concerning 

student achievement data. 

Q5d. What impact does an 

educator’s school site 

English Learner (EL) 

population have on the 

frequency with which he or 

H5d0. The null hypothesis 

was that an educator’s 

school site English Learner 

(EL) population would 

have an impact on the 

H5da. The alternative 

hypothesis was that an 

educator’s school site 

English Learner (EL) 

population would not have 
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she draws accurate 

conclusions concerning 

student achievement data? 

frequency of accurate 

conclusions he or she drew 

concerning student 

achievement data. 

an impact on the frequency 

of accurate conclusions he 

or she drew concerning 

student achievement data. 

Q5e. What impact does an 

educator’s school site 

Socioeconomically 

Disadvantaged population 

have on the frequency with 

which he or she draws 

accurate conclusions 

concerning student 

achievement data? 

H5e0. The null hypothesis 

was that an educator’s 

school site 

Socioeconomically 

Disadvantaged population 

would have an impact on 

the frequency of accurate 

conclusions he or she drew 

concerning student 

achievement data. 

H5ea. The alternative 

hypothesis was that an 

educator’s school site 

Socioeconomically 

Disadvantaged population 

would not have an impact 

on the frequency of 

accurate conclusions he or 

she drew concerning 

student achievement data. 

Q5f. What impact does an 

educators’ school site 

Students with Disabilities 

population have on the 

frequency with which he or 

she draws accurate 

conclusions concerning 

H5f0. The null hypothesis 

was that an educator’s 

school site Students with 

Disabilities population 

would have an impact on 

the frequency of accurate 

conclusions he or she drew 

H5fa. The alternative 

hypothesis was that an 

educator’s school site 

Students with Disabilities 

population would not have 

an impact on the frequency 

of accurate conclusions he 
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student achievement data? concerning student 

achievement data. 

or she drew concerning 

student achievement data. 

Q6a. What impact does an 

educator’s veteran status 

have on the frequency with 

which he or she draws 

accurate conclusions 

concerning student 

achievement data? 

H6a0. The null hypothesis 

was that an educator’s 

veteran status would have 

an impact on the frequency 

of accurate conclusions he 

or she drew concerning 

student achievement data. 

H6aa. The alternative 

hypothesis was that an 

educator’s veteran status 

would not have an impact 

on the frequency of 

accurate conclusions he or 

she drew concerning 

student achievement data. 

Q6b. What impact does an 

educator’s current 

professional role (e.g., 

teacher, site/school 

administrator, etc.) have on 

the frequency with which 

he or she draws accurate 

conclusions concerning 

student achievement data? 

H6b0. The null hypothesis 

was that an educator’s 

current professional role 

(e.g., teacher, site/school 

administrator, etc.) would 

have an impact on the 

frequency of accurate 

conclusions he or she drew 

concerning student 

achievement data. 

H6ba. The alternative 

hypothesis was that an 

educator’s current 

professional role (e.g., 

teacher, site/school 

administrator, etc.) would 

not have an impact on the 

frequency of accurate 

conclusions he or she drew 

concerning student 

achievement data. 
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Q6c. What impact does an 

educator’s perception of his 

or her own data analysis 

proficiency impact the 

frequency with which he or 

she draws accuDatarate 

conclusions concerning 

student achievement data? 

H6c0. The null hypothesis 

was that an educator’s 

perception of his or her 

own data analysis 

proficiency would be 

related to the frequency of 

accurate conclusions he or 

she drew concerning 

student achievement data. 

H6ca. The alternative 

hypothesis was that an 

educator’s perception of his 

or her own data analysis 

proficiency would not be 

related to the frequency of 

accurate conclusions he or 

she drew concerning 

student achievement data. 

Q6d. What impact does an 

educator’s professional 

development over the past 

year, devoted specifically 

to how to analyze student 

data, have on the frequency 

with which he or she draws 

accurate conclusions 

concerning student 

achievement data? 

H6d0. The null hypothesis 

was that an educator’s 

professional development 

over the past year, devoted 

specifically to how to 

analyze student data, would 

have an impact on the 

frequency of accurate 

conclusions he or she drew 

concerning student 

achievement data. 

H6da. The alternative 

hypothesis was that an 

educator’s professional 

development over the past 

year, devoted specifically 

to how to analyze student 

data, would not have an 

impact on the frequency of 

accurate conclusions he or 

she drew concerning 

student achievement data. 
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Q6e. What impact does the 

number of graduate-level 

educational measurement 

courses an educator has 

taken have on the 

frequency with which he or 

she draws accurate 

conclusions concerning 

student achievement data? 

H6e0. The null hypothesis 

was that an educator’s 

number of graduate-level 

educational measurement 

courses would have an 

impact on the frequency of 

accurate conclusions he or 

she drew concerning 

student achievement data. 

H6ea. The alternative 

hypothesis was that an 

educator’s number of 

graduate-level educational 

measurement courses 

would not have an impact 

on the frequency of 

accurate conclusions he or 

she drew concerning 

student achievement data. 

 
Research Method and Design 

An effective study of the potential of data analysis supports accompanying data 

system reports to increase users’ analysis accuracy had to examine multiple reporting 

environments that could be replicated by a data system. First, the experimental 

quantitative study had to show educators make analysis errors when using typical data 

system reports, which do not contain analysis guidance (a) on the reports, or by way of 

supplemental documentation such as (b) abstracts or (c) interpretation guides that can be 

reached via link or provided with report printouts. The researcher then needed to compare 

those results to results for educators using data system reports embedded with data 

analysis guidance in the varied formats noted above (a-c). The research design also had to 

allow for framing influences by presenting each of the three data analysis supports (a-c) 

in two different formats. This allowed the study to measure not only whether – and to  
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Figure 3.01: Two-Tailed T-Test 
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what extent – each analysis support can increase analysis accuracy, but also the more 

effective way in which to frame each support. 

 The G*Power 3.1 statistical analysis tool can be used to conduct a priori analysis, 

which involves calculating the necessary sample size by specifying values for the 

required significance level α, the desired statistical power 12β, and the population effect 

size that has yet to be determined (Faul, Erdfelder, Buchner, & Lang, 2009). To 

determine ideal sample size through priori power analysis, the researcher conducted a 

two-tailed t-test calculating the difference between two independent means utilizing the 

Figure 3.02: Two-Tailed T-Test X-Y Plot Graph 
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G*Power 3.1 statistical analysis tool. For this analysis’s details, see Figure 3.01 for all 

input and output parameters and see Figure 3.02 for an X-Y plot graph showing the 

power (1-β probability of correctly rejecting the null hypothesis) in relation to sample 

size. Input parameters included: tails = two, effect size d = 0.5, α error of probability 

(alpha, the probability of a type I error) = 0.05, and power (1-β error of probability for a 

type II error) = 0.95. Output parameters included noncentrality parameter δ = 3.6228442, 

critical t = 1.9714347, Df = 208, sample size group1 = 105, sample size group 2 = 105, 

total sample size, = 210, actual power  = 0.9501287. The priori two-tailed t-test thus 

resulted in a recommended sample size of at least 210 educators. 

 However, the researcher also conducted an F-test linear multiple regression 

analysis, fixed model, R2 deviation from zero, using the G*Power 3.1 statistical analysis 

tool. For this analysis’s details, see Figure 3.03 for all input and output parameters and 

see Figure 3.04 for an X-Y plot graph showing the power (1-β probability of correctly 

rejecting the null hypothesis) in relation to sample size. Input parameters included: effect 

size f² = 0.15, α error of probability (alpha, the probability of a type I error) = 0.05, power 

(1-β error of probability for a type II error) = 0.95, and number of predictors based on 

independent variables =7. Output parameters included noncentrality parameter λ = 

22.9500000, critical F = 2.0732820,  numerator df = 7, denominator df = 145, total 

sample size = 153, and actual power = 0.9503254. The priori F-test thus resulted in a  

recommended sample size of at least 153 educators. However, since the 210 sample size 

resulting from the two-tailed t-test was greater than 153, responses from 211 participants 

were collected for the study in order to exceed even the more rigorous recommendation. 

See the Chapter 3: Research Method: Research Method and Design: Regression analysis 
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Figure 3.03: F-Test 
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section for details on the regression analyses that was also applied.  

 To avoid threats to external validity, the researcher needed to avoid interaction of 

selection and treatment in this approach. Thus the study included educators from varied 

school sites and of varied roles, such as elementary level and secondary level, veterans 

and non-veterans, teachers and administrators, etc. See Table 3.03 and Table 3.04 for the 

number and percent of participants within each characteristic category. The study also 

employed a random, cross-sectional sampling procedure. The 211-participant size   

Figure 3.04: F-Test X-Y Plot Graph 
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provided a more reliable data sampling, the mix assisted in the stratification of the 

population, and the randomization offered the ability to generalize to the education 

population at large. 

Table 3.03: Participant Site Characteristics 
 

 Participants 

Category n % 

County   

Los Angeles Unified School District 32 15% 

Orange 42 20% 

San Bernardino 137 65% 

School District   

Alta Loma School District 16 8% 

Buena Park School District 42 20% 

Chino Valley Unified School District 11 5% 

Etiwanda School District 31 15% 

Mountain View School District 79 37% 

Los Angeles Unified School District 32 15% 
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School Site   

Buena Park Junior High 14 7% 

Charles G. Emery Elementary 28 13% 

Creek View Elementary 22 10% 

Etiwanda Colony Elementary 31 15% 

Grace Yokely Middle 33 16% 

Hermosa Elementary 16 8% 

Ranch View Elementary 24 11% 

Rolling Ridge Elementary 11 5% 

Sylmar High 32 15% 

School Level Type   

Elementary 132 63% 

Secondary 79 37% 

  



132 
 

School Level   

Elementary 132 63% 

Middle/Junior High 47 22% 

High School 32 15% 

2012 Growth Academic Performance Index (API),                                 
California State Accountability Measure Ranging 200-1000   

677 32 15% 

794 33 16% 

815 24 11% 

827 14 7% 

847 22 10% 

891 28 13% 

893 16 8% 

895 31 15% 

916 11 5% 
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% of Site's Students Who Are English Learners (29% Mean)   

8% 16 8% 

10% 31 15% 

16% 11 5% 

27% 22 10% 

30% 33 16% 

33% 24 11% 

38% 32 15% 

45% 14 7% 

46% 28 13% 
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% of Site's Students Who Are Socioeconomically 
Disadvantaged (52% Mean)   

22% 11 5% 

23% 31 15% 

31% 16 8% 

43% 28 13% 

56% 22 10% 

61% 57 27% 

78% 46 22% 

% of Site's Students with Disabilities (10% Mean)   

5% 16 8% 

8% 28 13% 

9% 38 18% 

10% 33 16% 

11% 33 16% 

12% 32 15% 

13% 31 15% 
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Table 3.04: Participant Characteristics 
 

 Participants 

Category n % 

Veteran Status: Length of Time Working as an Educator (e.g., 
Teacher or Administrator) for Students under 19 Years of Age   

Less than 1 Year 2 1% 

Minimum of 5 Years 20 9% 

Minimum of 10 Years 33 16% 

Minimum of 15 Years 67 32% 

Minimum of 20 Years 89 42% 

Role: Best Description of Current Position   

Teacher 199 94% 

Colleague Coach (e.g., Teacher on Special Assignment) 2 1% 

Site/School Administrator 8 4% 

District Administrator 2 1% 
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Perceived Proficiency at Analyzing Student Performance Data   

Very Proficient 45 21% 

Somewhat Proficient 139 66% 

Not Proficient 22 10% 

Far from Proficient 5 2% 

Professional Development Obtained within Past Year, 
Specifically Focused on Learning How to Correctly Interpret 
Student Data   

0 Hours 87 41% 

Minimum of 1 Hour 48 23% 

Minimum of 2 Hours 39 18% 

Minimum of 5 Hours 19 9% 

Minimum of 8 Hours 18 9% 
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Graduate-Level Courses Taken, Specifically Dedicated to 
Educational Measurement    

0 Courses 100 47% 

Minimum of 1 Course 51 24% 

Minimum of 2 Courses 35 17% 

Minimum of 3 Courses 11 5% 

Minimum of 4 Courses 14 7% 

 

The researcher collected response data through a web-based, self-administered 

Google Docs survey form that allows for efficient collection without initial interpretation. 

However, the researcher was present with participants during the survey completion 

process in case clarification was needed on how to proceed. If no one were physically 

present to oversee the survey’s completion, the study would not have allowed participants 

to ask questions and receive clarification on the survey process, which would mean 

potential weakness for the study. 

Appropriateness of method. The quantitative survey method lent itself well to 

this study, as it explored performance on data questions with clear answers, as are 

regularly encountered by teachers seeking to understand student data. The non-subjective 

nature of these questions matched a quantitative study, and the survey format allowed 

response data to be collected efficiently and in a way that required no initial interpretation 

– and thus minimal risk of misunderstanding or accidental alteration – by the researcher. 
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The economy of the design allowed the study to incorporate a larger – and thus more 

reliable – sample size of data. 

Behavioral Economics. This study related to improving the accuracy of 

educators’ data analyses, as enacted in the thought portion – or “data-informed” portion – 

of data-informed decision-making. The process of thinking and deciding is influenced by 

behavioral economics facets such as priming, biases, heuristics, prototypes, judgments, 

anchoring, and framing (Kahneman, 2011). Thus data-informed thoughts are believed to 

influence decision-making. For example, even small and seemingly insignificant 

differences in how content is arranged can mean a significant difference in the decisions 

people make based on that content (Thaler & Sunstein, 2008). This study covered reports 

and supplemental documentation that can be generated from within the environment of 

the online data system, as the study’s purpose lay in finding ways data systems can be 

improved to facilitate improved data analyses. Thus conditions outside of those that can 

be controlled within a data system were not manipulated or used as variables in the study. 

Nonetheless, behavioral economics research still influenced this study’s design (see 

Chapter 2: Literature Review: Behavioral Economics and Data-Informed Decision-

Making for descriptions of the behavioral economics dimensions and ways in which 

behavioral economics also influences data-informed decision-making). 

Priming. Priming is a dimension of behavioral economics that involves one idea 

resulting in another, among many. Basically, a subtle influence such as a hint of an idea 

primes one’s thoughts, which then impact one’s actions in ways that can be surprisingly 

significant (Thaler & Sunstein, 2008). When applied to data-informed decision-making, 

an important source of priming can involve resources educators interact with before 
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viewing data to inform their decisions: the resources prime the educator’s thoughts 

concerning the data, and then those thoughts prime the educator’s decisions. For 

example, Goodman, and Hambleton (2004) noted the value gained in states that 

accompanied data reports with information for parents to read before reading and 

interpreting the data. More subconscious priming sources involved in data-informed 

decision-making include the environment in which analyses take place and the 

individual’s associations with those facilitating the session, the data system used and the 

individual’s associations with technology, etc. 

While the behavioral economics concept of priming were applied to this study’s 

design as some participants were presented with resources they could choose to review 

before analyzing data system reports, awareness of more subconscious priming sources 

also impacted study precautions. For example, due to biases and feelings participants may 

attach to members of staff, the researcher was the clear facilitator of the study session. 

Since the researcher was not a colleague of the respondents, this helped to prevent their 

negative, positive, or otherwise biased feelings concerning coworkers from influencing 

their analyses. 

Likewise, many educators are intimidated by technology (Combs, 2004; 

Rodriguez, 2008) or do not use technology as much as others. For example, only 44% of 

educators who have access to data systems use them directly rather than only reading 

printed versions of reports others use the data systems to generate (Underwood, Zapata-

Rivera, & VanWinkle, 2008). This is one reason why study participants interacted with 

printed versions of reports rather than online versions that require use of technology 

during analysis. Since some educators are also intimidated by data (Underwood et al., 
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2010), reports used in the study also conformed to research-based recommendations 

concerning the exclusion of intimidating features like jargon and statistical terms that 

could have a negative priming effect (see Chapter 2: Literature Review: History of 

Specific Research Contributions for a historic timeline of research-based 

recommendations for improving report design). 

Kahneman (2011) also found although priming people with thoughts of money 

results in more independence and determination to solve problems, it also results in 

selfishness and resistance to help others. Since data-driven decision-making in education 

is founded on the goal of helping students succeed, involving money – such as payment 

for time spent analyzing data or participating in the study – could be detrimental to 

participants’ performance on the data analysis questions related to data-driven decision-

making for students. This study did not involve any monetary compensation for 

participation. 

Biases, heuristics, prototypes, and judgments. Research confirms that decisions 

people make are inherently flawed due to factors such as bias (Thaler & Sunstein, 2008). 

For example, the institutional nature of military decision-making processes (MDMP), 

organizational culture, and individuality all impact the heuristics and biases that influence 

how military commanders respond to surprises while in action (Williams, 2010). System 

1 thought processes use biases and heuristics, such as prototypes, to speed up thinking 

and decision-making; a social example of this is a stereotype, which does not necessarily 

lead to an accurate conclusion (Kahneman, 2011). Biases, heuristics, and prototypes, as 

well as the judgments to which they lead, are not always undesirable, but they can cause 

flawed judgments, such as where data-informed decision-making is concerned. For 
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example, teachers’ biases impact conclusions they draw when making data-informed 

decisions (Park, 2008). 

Just as biases, heuristics, and prototypes impact data-informed decision-making, 

consideration of them impacted the design of this data-related study. For example, 

educators generally possess some level of racial bias (Day, 2010). Thus this study’s data 

analysis questions and the reports on which the questions were based involved no 

subgroup comparisons, such as comparisons between ethnicities, races, or other 

demographics-based groups. Likewise, the questions and reports related to student-level 

data identified students as Student A, Student B, etc. as opposed to using actual names, 

which could be associated with particular ethnicities, races, or socio-economic status. 

Whenever a set or category is homogeneous enough to have a prototype, the brain will 

automatically access the prototype to consider the mean values associated with its 

members when making a decision (Kahneman, 2003). Avoiding questions and reports 

related to categories commonly associated with prototypes will help to prevent biases and 

heuristics from skewing respondents’ analyses. 

Biases and judgments also constitute a key reason behind the necessity of this 

study. One might think accompanying a data report with a footer, abstract, or 

interpretation guide would invariably increase the accuracy of the user’s analyses. 

However, behavioral economics tells us this is not a guaranteed phenomenon. If the 

concept of rational analysis that was popular before the rise of behavioral economics held 

sway, educated people presented with a clear explanation for how to find a correct 

answer would always find the correct answer. However, research on data reporting 

supports the behavioral economics premise that people do not always behave most 
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effectively. For example, too much information or text on reports can overwhelm users 

and actually cause them to make mistakes (Hattie, 2010; VanWinkle et al., 2011; Zapata-

Rivera & VanWinkle, 2010). In addition, social science research from the last 40 years 

confirms that people do not always make the best decisions or do what is perceived as 

best, even when those decisions or actions directly impact their wellbeing (Thaler & 

Sunstein, 2008). Thus questions remain concerning the best ways to assist data analysis 

accuracy within data systems and their reports. 

Anchoring. The anchor heuristic is a value someone considers before estimating 

the quantity of something, and anchoring effect is the phenomenon that causes his or her 

estimate to stay closer to the anchor than it might have been is the anchor were not 

considered (Kahneman, 2011; Thaler & Sunstein, 2008). Anchoring usually results in an 

inaccurate estimate (Williams, 2010). Anchoring can occur in data-informed decision-

making when educators have preconceived notions of an entity’s performance. 

Essentially, the anchor can prime the teacher’s thoughts, which then prime his or her 

actions. 

Research on anchoring influenced the manner in which this study’s survey was 

designed. All data analysis questions on the survey were devoid of statistical numbers. 

Recommended uses of data in educational settings call for a focus on the relationship 

between practice and desired outcomes (Bernhardt, 2007). Analyses and the information 

they produce increase in quality when multiple measures are compared (Bernhardt, 

2004). For example, “Are at least 57% of the students scoring Proficient” is a question 

likely to be hampered by anchoring effect. However, it includes no comparison of 

multiple measures, and regardless of the answer it gives no concrete direction concerning 
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educational practice. Conversely, data analysis questions on this study’s survey involved 

the comparison of multiple measures and rendered specific information concerning 

practice in the hypothetical educational settings. Thus the questions not only avoided 

anchoring heuristics, but they also mirrored the types of questions educators should be 

asking when analyzing their own data from non-hypothetical reports conveying similar 

data. 

Framing. Framing applies to the presentation of information, and presenting the 

same information to someone in different ways will often result in different emotions and 

different levels of difficulty in understanding or analyzing the information (Kahneman, 

2003, 2011). The manner in which content is organized for people using it to make 

decisions significantly impacts those decisions (Thaler & Sunstein, 2008). Framing thus 

plays a large role in data analysis accuracy and data-informed decision-making (see 

Chapter 2: Literature Review: History of Specific Research Contributions for a historic 

timeline of research-based recommendations for report design, which relate to framing). 

The reports used in this study subscribed to leading research-based recommendations 

concerning the best ways in which to frame the data in report format, though they did so 

in a way that did not deviate from what is commonly seen in data systems currently on 

the market. In other words, reports used in the Over-the-Counter Data’s Impact on 

Educators’ Data Analysis Accuracy study adhered to the better data presentations 

commonly seen in data systems, but they did not adhere to the best data presentations that 

– despite being more effective – are not yet commonly seen in student data systems. 

Suggested ways to present analysis guidance in footers, abstracts, and 

interpretation guides were utilized in this study, but the best manner in which to frame 
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these resources had not yet been determined in regards to direct impact on analysis 

accuracy. Thus each of the three support resources used in this study were framed in two 

different formats for respondents. 

Research on framing also influenced the manner in which this study’s survey was 

designed. On multiple choice questions, an option receives a large advantage if it is 

presented as the default (Johnson, Hershey, Meszaros, & Kunreuther, 1993). Thus the 

data analysis survey questions used in this study presented no distractors or answers as 

defaults; rather, no answer options were preselected, meaning respondents had to select 

one of the equally-presented answers before continuing to the next question. All survey 

questions were multiple choice, nominal, close-ended questions. 

Framing was also a key reason behind the necessity of this study. While research 

already existed concerning the best data displays to use to improve educators’ analyses, 

the best way in which to frame analysis support within a data system to improve 

educators’ analyses had not yet been determined. This gap in research literature was one 

the Over-the-Counter Data’s Impact on Educators’ Data Analysis Accuracy study was 

designed to fill. 

Regression analysis. Linear regression analysis and multiple linear regression 

analysis were both used to investigate the relationship between the study’s dependent and 

independent variables. See Chapter 3: Research Method: Data Collection, Processing, 

and Analysis: Regression Analysis for regression analysis details. This includes a table 

illustrating the survey’s research question variables with the corresponding regression 

analysis features designed to address them. 
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Pilot test. The researcher conducted an initial pilot test with five educators to 

garner feedback, both from their answers using the instrument and from their verbal 

feedback on the instrument itself and the time it took to complete the survey. This was 

done in order to improve the questions and format prior to the survey’s official 

administration, though no adjustments were necessary. These educators were 

representative of the varied roles and backgrounds of the educators who ultimately served 

as participants in the study, and the materials they were given varied in order to test all 

variable types. See Table 3.05 for pilot test participant details, reporting environments, 

and survey completion time. No participants took longer than 15 minutes to complete the 

survey, and feedback suggested no part of the survey was confusing or warranted 

changing. 

 
Table 3.05: Pilot Test Participants, Materials, and Survey Completion Time 
 

Participant Experience Report Materials Time 

Participant A had been a middle 

school teacher, middle school 

technology coordinator, middle school 

site administrator (assistant principal), 

and county department of education 

administrator 

 Report with No Footer (Plain 

Report) 

 No Abstract 

 No Interpretation Guide 

10 

min. 
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Participant B was an elementary 

school teacher and had been an 

elementary school site administrator 

(assistant principal and principal) 

 Report with Footer A (Longer) 

 No Abstract 

 No Interpretation Guide 

15 

min. 

Participant C was a high school 

teacher and had been a junior high 

school teacher 

 Report with Footer B (Shorter) 

 No Abstract 

 No Interpretation Guide 

7 

min. 

Participant D was a junior high school 

teacher 

 Report with No Footer (Plain 

Report) 

 Abstract B (Less Dense) 

 No Interpretation Guide 

10 

min. 

Participant E was a junior high school 

site administrator (assistant principal) 

and had been an elementary school 

teacher 

 Report with No Footer (Plain 

Report) 

 No Abstract 

 Interpretation Guide A (3 Pages) 

15 

min. 

 

Alignment with other study components. The survey questions were 

constructed with the aim of assessing the accuracy with which educators draw inferences 

when viewing student performance data contained in report formats typical of most data 

systems versus reports containing or accompanied by some level of data analysis support. 

The researcher administered the survey in 10 sessions in computer labs at nine school 
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sites, as one school site was visited twice to administer the survey to two separate groups 

on two separate days. The researcher passed out a copy of the Informed Consent Form, 

which was approved by Northcentral University’s Institutional Review Board (IRB), to 

each participant as he or she arrived at the computer lab so all attendees would have time 

to read it. The researcher then briefly introduced the study so participants knew key facts 

such as the nature of the study, the anonymity of responses, participation was voluntary, 

there were no benefits to participating other than contributing to field literature in a way 

that was hoped to eventually help educators and students, and there were no penalties of 

any kind if any attendees wished not to participate. All attendees in all cases opted to sign 

the Informed Consent Form and participate. 

After the researcher collected all Informed Consent Forms, the researcher handed 

each participant a different folder containing reports and handouts to read in conjunction 

with survey questions, but not all participants will receive the same reports or handouts. 

See Table 3.06 for an indication of what each folder contained. Seven different folder 

colors were used, and these were stacked ahead of time in the alternating format of white, 

yellow, green, blue, purple, red, black, then white again, etc. so they were distributed 

evenly with participants seated as far as possible from participants with the same folder 

contents. 

The researcher called participants’ attention to the stickers on the folder covers 

that stated their color to accommodate color blind participants, as folder color was used 

to determine which version of Question 8 each participant answered on the survey. The 

researcher also pointed out the two stickers on folders’ two inside pockets that indicated 

which materials related to Report 1 and should be used to answer survey Questions 4 and 
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5, and which materials related to Report 2 and should be used to answer survey Questions 

6 and 7. The researcher then prompted participants to begin the online survey on the 

computer, which was set to a web address that could not be accessed by anyone who did 

not have the exact uniform resource locator (URL), which was changed after each survey 

administration. The survey prompted participants to hold their folders in the air as they 

finished. This allowed the researcher to check each computer screen to ensure the survey 

was successfully submitted, which was only possible if all questions were answered since 

the required question setting was used on every survey question, and participants were 

exited from the online survey environment. 

After results from all 211 participants were collected, the researcher used 

straightforward categorical scales in the form of correct/incorrect for data analysis 

questions, as the answers were clearly right or wrong based on the guidelines from the 

performance data’s governing body (California Department of Education). For example, 

teachers viewing California Standards Test (CST) content cluster data from the state 

Standardized Testing and Reporting (STAR) Program were asked, “Which content 

cluster is most likely the school site’s weakness?” The answer was clearly one of the five 

clusters, as indicated by the California Department of Education’s California 

Standardized Testing and Reporting Post-Test Guide Technical Information for STAR 

District and Test Site Coordinators and Research Specialists (CDE, 2012b) and 

California Standards Tests Technical Report (CDE, 2011). The phrasing “most likely” 

also avoids the impact questions of significance would otherwise have on the question’s 

answer. Because this single-correct-answer-per-question approach to data collection was 

objective and the study was quantitative, the need to scale respondents’ analysis 
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responses further was circumvented and the percent of analysis-related questions 

participants answered correctly was used, both overall and in relation to whether or not a 

data analysis support related to the question was used by the respondent. The same would 

not be true if this had been a qualitative study. 

Population 

The study’s population is comprised of public educators of all TK-12 school 

levels in the United States of America. There are approximately 3,250,600 public school 

teachers educating 47,315,700 students at 88,113 public schools, along with 57,000 

instructional coordinators and supervisors (Strizek, Pittsonberger, Riordan, Lyter, & 

Orlofsky, 2006), totaling 3,307,600 U.S. educators. Such educators are of varied veteran 

levels, working in varied roles, and at schools with a range of demographics, such as high 

versus low performing and varied student populations. For example, at school sites where 

public educators are based nationwide, 10% of students are considered English Learners 

(EL), 23.4%-32% of students are considered Socioeconomically Disadvantaged 

depending on which indicator was used, and 13% are Students with Disabilities (U.S. 

Department of Education Institute of Education Sciences National Center for Education 

Statistics [USDEIESNCES], 2012). 

Other population characteristics include: 

 highly skilled: e.g., 95% of teachers are considered “highly qualified” by No 

Child Left Behind (NCLB) standards (American Institutes for Research 

[AIR], 2013), though there is debate concerning this label’s merit. 
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 well-educated: e.g., 99% of American teachers have bachelor’s degrees, 48% 

have master’s degrees, and over 7% have more advanced graduate degrees 

(Papay, Harvard Graduate School of Education, 2007). 

 embracing data use: e.g., most educators are eager to analyze and then act on 

the data they see (Hattie, 2010; van der Meij, 2008). 

Sample 

The procedure for sampling study participants was random and cross-sectional, 

incorporating responses from 211 educators of all TK-12 school levels to allow for the 

inclusion of all veteran levels, working in varied roles, and at schools with a range of 

demographics, such as high versus low performing and varied student populations. These 

demographic variables – accounted for in Table 3.07, Table 3.08, and Table 3.09 – were 

included in the study’s multiple regression analysis. The mix assisted in the stratification 

of the population, and the 211-sample size was possible using a computer survey 

collection of responses in order to garner a more reliable data sampling than would be 

possible with smaller numbers. Also, the larger sample number allowed for a better cross-

sectional sampling.  

This approach to involving varied participants from varied school sites allowed 

the sample drawn from the population to appropriately represent the actual educator 

population. For example, the sample involved participants representing all veteran levels, 

all credentialed educator roles, all perceived data analysis proficiency levels, all data 

analysis professional development categories, and all graduate-level educational 

measurement course categories. Likewise, the sites at which the sample participants were 

based represented the varied demographics of those nationwide. For example, 10% of 
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students in the United States are considered English Learners (EL), 23.4%-32% of 

students are considered Socioeconomically Disadvantaged depending on which indicator 

was used, and 13% are Students with Disabilities (USDEIESNCES, 2012). The sites at 

which this study’s participants were based represented a spectrum encompassing these 

national statistics in all cases: sites ranging from 8% to 46% EL with a per-participant 

mean of 29% encompassed the national statistic of 10% EL, 22% to 78% 

Socioeconomically Disadvantaged with a per-participant mean of 52% encompassed the 

national statistic of 23.4%-32% Socioeconomically Disadvantaged, and 5% to 13% 

Students with Disabilities with a per-participant mean of 10% encompassed the national 

statistic of 13% Students with Disabilities. In terms of the academic achievement of 

students at school sites, the state of California’s state accountability measure, which 

ranges from 200-1000 and is also used as a factor in federal accountability, is the Growth 

Academic Performance Index (API). The state average for 2012 was 788 Growth API 

(California Department of Education Analysis, Measurement, & Accountability 

Reporting Division, 2013). The sites at which this study’s participants were based 

represented a spectrum encompassing this national statistics: sites ranging from 677 to 

916 Growth API with a per-participant mean of 828 encompassed the national statistic of 

788 Growth API. See Table 3.03 and Table 3.04 for the distribution of participant and 

site variables. 

Initial subject recruiting did not begin until after approval was obtained from 

Northcentral University’s Institutional Review Board (IRB) Committee. After that point 

in time, the researcher extended an invitation to participate in the study, as well as 

proposal guidelines, to 91 educators in southern California public school districts of 
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varied socioeconomic student populations. The researcher also created a website 

(www.overthecounterdata.com) that housed the study invitation for anyone to see at 

www.overthecounterdata.com/study. The independent information resource and 

community known as EdSurge (www.edsurge.com), which reaches educators, vendors, 

and others involved in educational technology, was kind enough to include mention of 

the study opportunity in EdSurge Newsletter #114 (April 17, 2013), Newsletter #115 

(April 24, 2013), and Newsletter #116 (May 1, 2013). Thus the researcher took steps to 

extend the invitation to as many educators as possible. Conversations with interested 

parties followed to discuss specifics and ethical assurances. 

Data was collected at one point in time for each participant within a 32-day 

research window of April 8, 2013, to May 10, 2013. Though there were efforts to select 

from a range of school demographics, the procedure for sampling these individuals at 

those sites was random. This randomization offered the ability to generalize results to 

educator populations. Each group survey session was set up by a school administrator at 

the site. Participation at each site was voluntary. 

Materials/Instruments 

Participant responses were collected through a web-based survey crafted and 

administered in Google Docs, employing the Google Form feature. Since an appropriate 

survey did not already exist, one was created specifically for this study (see Appendix B). 

The survey included 10 numbered questions and an additional, unnumbered question that 

impacted which version of Question 8 each respondent was asked. The Google Docs 

Form tool automatically assigned an anonymous ID to each respondent’s data, which was 

http://www.overthecounterdata.com/
http://www.overthecounterdata.com/study
http://www.edsurge.com/
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used in complete absence of participant names or employee numbers. The data was 

automatically, securely stored and password-protected online as soon as it was entered. 

Response data was exported into Microsoft Excel® in order to be coded there and 

used with the Microsoft 2010 Data Analysis feature, and also used with Predictive 

Analytics Software (PASW) Version 18 with the Statistical Package for the Social 

Sciences (SPSS) Data Access Pack. After the response data was exported and saved on 

the researcher’s password-protected computer, it was deleted from its online, Google 

Docs, password-protected environment in order to maximize security. Results were 

analyzed to (a) answer the study’s seven primary research questions with related 

hypothesis strands, (b) answer the study’s 11 secondary research questions with related 

hypothesis strands that served the sole role of informing implications addressed by the 

primary research questions, and (c) identify themes, patterns, relationships, and 

implications. This involved establishing categories and subcategories based on results 

and using the codebook mentioned below. In order to identify problems with typical data 

system report environments, results from reports that offered no analysis assistance were 

compared to results for educators using reports and resources that can come from data 

systems embedded with data analysis guidance in varied formats. Results were tabled, 

graphed to check for normal distribution, and tested to see if they were considered 

statistically significant. A descriptive analysis containing the means, standard deviations, 

and score ranges was then prepared in relation to the independent and dependent 

variables. See Chapter 4: Results for details such as the varying significance levels (p) 

used for different types of research questions. 



154 
 

The Google Docs Form “required question” setting was assigned to each survey 

question to eliminate the risk of response bias resulting from nonresponses on the survey. 

Though they could voluntarily stop at any time and were informed of this right, 

respondents were electronically forced to answer all questions in a group before 

proceeding to the next set, and thus it was impossible to complete the survey without 

answering all survey questions. The researcher checked each participant’s computer 

screen after survey completion to ensure the survey was successfully finished and 

submitted, which it was in all cases. No participants failed to complete the entire survey. 

Descriptive information describing respondents and non-respondents would have been 

used in the event that some participants did not complete their surveys, but this was not 

necessary since all participants finished the survey. 

Instrument. Please see Appendix B for printed copies of the pages from the 

actual, online Google Docs Form survey that was used for the study. All participants 

completed this survey. However, note that Question 8 was automatically individualized 

as one of four versions based on how respondents’ folder colors tied to their versions of 

report and handout contents, are entered. In other words, the survey featured four 

different versions of Question 8, which was specific to the type of analysis support each 

respondent received. Thus Question 8 is featured on four pages of Appendix B, whereas 

each respondent only saw and responded to one of these four pages. 

All analysis survey questions concerned data from state assessments with which 

the Californian study participants were most likely to be familiar with analyzing. One of 

these assessments was the California Standards Test (CST), as this assessment of student 

performance constituted the largest component of California’s Standardized Testing and 
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Reporting (STAR) Program, which began in 1998, at the time this study was conducted. 

The CST was considered the educator participants’ highest stakes test for both state and 

federal accountability. The other assessment was the California English Language 

Development Test (CELDT), which began in 2001. At the time this study was conducted, 

all Californian educators were supposed to consider a student’s CELDT results when 

determining whether or not to recommend the English Learner (EL) for reclassification; 

no other assessment in these educators’ state of California could be substituted for EL 

reclassification consideration. Thus: 

 all study participants were expected, within the requirements of their 

professions, to be familiar with the assessments that generated the data 

participants analyzed in the study, 

 the survey’s data analysis questions were common questions all study 

participants were expected, within the requirements of their professions, to be 

familiar with, as they must answer such questions on an ongoing basis in 

relation to the same assessments that were used, 

 the reports to which respondents referred to answer survey questions were 

typical of those Californian educators acquire from data systems, as they 

catered to the common assessments and questions noted above (see 

Operational Definitions of Variables: Behavioral economics’ impact on 

variables: Framing for other ways in which the reports were typical of data 

system reports). 

Instrument Validity and Reliability Concerns. The web-based survey through 

which participant responses were collected was crafted specifically for this study. This 
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was necessary because an instrument measuring data analysis accuracy of results from 

assessments with which all participants were most likely to be familiar – the CST and the 

CELDT, explained above – did not previously exist. Fortunately, validity and reliability 

concerns were circumvented as follows: 

 each analysis question had one correct answer, and thus question distractors 

included all possible answers rather than having to be selectively determined; 

 each analysis question’s answer was objective rather than subjective, and thus 

there was no need for interpretation on the appropriateness of answers; and 

 each analysis question and answer were based on straightforward guidelines 

published by the California Department of Education (CDE) to accompany 

each of the two state assessments and guide educators in the correct ways to 

draw conclusions from the data. 

The CDE guidelines to which the survey’s CST analysis questions conformed 

were featured in California Standardized Testing and Reporting Post-Test Guide 

Technical Information for STAR District and Test Site Coordinators and Research 

Specialists (CDE, 2012) and California Standards Tests Technical Report (CDE, 2011). 

The CDE guidelines to which the survey’s CELDT analysis questions conformed were 

featured in 2011–12 Accountability Progress Reporting System: 2011–12 Title III 

Accountability Report Information Guide (CDE, 2012a). These two resources were the 

most recent editions available at the time of this study. The Chapter 3: Research Method: 

Materials/Instruments: Triangulation section of this paper further explains considerations 

that were incorporated into the study handouts and survey questions to better facilitate 

triangulation. 
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Handouts. Data reports used in the study adhered to leading research-based 

recommendations concerning the best ways in which to present the data in report format, 

though they did so in a way that did not deviate from what is commonly seen in data 

systems currently on the market. In other words, reports used in the Over-the-Counter 

Data’s Impact on Educators’ Data Analysis Accuracy study adhered to the better data 

presentations commonly seen in data systems, but they did not adhere to the best data 

presentations that – despite being more effective – are not yet commonly seen in student 

data systems. This was necessary in order to stay true to real world data system 

environments so results from the study could be generalized to educators’ true data 

system reporting environments (see Chapter 2: Literature Review: History of Specific 

Research Contributions for a historic timeline of research-based recommendations for 

report design, which relate to framing). 

The report sets participants received all contained the same data. For example, all 

participants were viewing the same data as each other when viewing Report 1, just as 

they were viewing the same data as each other when viewing Report 2. Thus the data was 

not “real” data of the participants’ own students and school sites. Keeping the data the 

same was vital for two main reasons: 

 The measurement of each participant’s data analysis accuracy can be 

compared to that of the other participants with parity. 

 The data in both of the two reports was carefully selected so the most common 

incorrect approaches to analyzing data from each particular assessment on 

which the data was based did not result in the same answers as the correct 

approaches to analyzing the data. For example, educators analyzing CST 
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content cluster data often make the mistake of assuming the cluster with the 

highest score is a site’s most likely strength. However, CST content clusters 

only gain such meaning when compared to state performance such as that of 

the State Minimally Proficient (SMP) since the clusters differ in difficulty 

(CDE, 2012). Thus data was used where the cluster in which the site most 

exceeded the performance of the SMP did not happen to be the same cluster 

with the highest score. Therefore educators making the most common faulty 

analyses would not be mistaken for educators making correct analyses, and 

thus the data would remain as indicative as possible of the nature of 

educators’ data analyses: correct versus incorrect. 

Data analysis supports used in the study adhered to research-based best practices 

to the fullest extent possible. For example, small fonts make parts of reports hard to read 

(Sabbah, 2011) and computer-generated reports for adult audiences should feature at least 

2pt spacing between lines; 12pt Times New Roman, Arial, or Tahoma font; and 75-100 

characters per line in order to improve the reports’ interpretation (Leeson, 2006). Also, 

over-the-counter medication labels should be at least 1.2mm in vertical height and no 

more than 40 characters per inch, with appropriate type size include letter contrast, line 

spacing, print and background color, and type style to increase legibility (Watanabe, 

Gilbreath, & Sakamoto, 1994). Thus footers provided to assist report analyses conformed 

to these specifications. However, given the controversies concerning framing, each 

support was framed in two different ways (see Chapter 2: Literature Review: History of 

Specific Research Contributions for a sampling of research-based recommendations 

considered when determining the two ways in which the data analysis supports in this 
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study conformed).  In order to mimic real-world conditions, the abstracts and 

interpretation guides addressed all major questions the reports were designed to answer, 

as opposed to being geared exclusively toward the questions asked in this study’s survey. 

This way the documentation best mimicked the most effective abstracts and interpretation 

guides used in real situations, as there are multiple tasks for which educators might be 

using data reports in real life, and the documentation used in this study could not be 

unfairly geared only toward the questions asked in the study survey.  Please see Appendix 

C for printed copies of the 8½” x 11” handouts respondents received. The following 

details are summarized in Table 3.06. 

 
Table 3.06: Format of Report 1 and 2 Handouts Distributed to Study Participants 
 

Folder Report/Footer Abstract Interpretation Guide 

White No Footer (Plain Report) No Abstract No Guide 

Green Footer A (Shorter) No Abstract No Guide 

Yellow Footer B (Longer) No Abstract No Guide 

Purple No Footer (Plain Report) Abstract A (Less Dense) No Guide 

Blue No Footer (Plain Report) Abstract B (Denser) No Guide 

Black No Footer (Plain Report) No Abstract Guide A (2 Pages) 

Red No Footer (Plain Report) No Abstract Guide B (3 Pages) 
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Scenario 1: Control group (white folders). Respondents receiving no added 

analysis supports received the following handout in their first folder, which they used to 

answer Questions 4-5: 

 Report 1 with No Footer (as labeled in Appendix C) 

They later received the following handout in their second folder to answer Questions 6-7: 

 Report 2 with No Footer (as labeled in Appendix C) 

When these respondents reached Question 8 they answered its first version. 

Scenario 2: Footers in Style A (green folders). Respondents receiving footers on 

their reports that were shorter and slightly less wordy (1st report footer: 39 words, 186 

characters without spaces, 224 characters with spaces; 2nd report footer: 34 words, 156 

characters without spaces, 228 characters with spaces) than the alternatively-framed 

footers and contained headings that utilized text color with meaning received the 

following handout in their first folder, which they used to answer Questions 4-5: 

 Report 1 with Footer A (as labeled in Appendix C) 

They later received the following handout in their second folder to answer Questions 6-7: 

 Report 2 with Footer A (as labeled in Appendix C) 

When these respondents reached Question 8 they answered its second version. 

Scenario 3: Footers in Style B (yellow folders). Respondents receiving footers on 

their reports that were longer and slightly wordier (1st report footer: 58 words, 269 

characters without spaces, 324 characters with spaces; 2nd report footer: 42 words, 199 

characters without spaces, 237 characters with spaces) than the alternatively-framed 

footers and contained no headings or colored text received the following handout in their 

first folder, which they used to answer Questions 4-5: 
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 Report 1 with Footer B (as labeled in Appendix C) 

They later received the following handout in their second folder to answer Questions 6-7: 

 Report 2 with Footer B (as labeled in Appendix C) 

When these respondents reached Question 8 they answered its second version. 

Scenario 4: Abstracts in Style A (purple folders). Respondents whose reports 

were accompanied by abstracts that were less dense and contained less information than 

the alternatively-framed abstracts and utilized heading color with meaning received the 

following handouts in their first folder, which they used to answer Questions 4-5: 

 Report 1 with No Footer (as labeled in Appendix C) 

 Report 1 Abstract A (as labeled in Appendix C) 

They later received the following handouts in their second folder to answer Questions 6-

7: 

 Report 2 with No Footer (as labeled in Appendix C) 

 Report 2 Abstract A (as labeled in Appendix C) 

When these respondents reached Question 8 they answered its third version. 

Scenario 5: Abstracts in Style B (blue folders). Respondents whose reports were 

accompanied by abstracts that were more dense and contained more information than the 

alternatively-framed abstracts and did not utilize heading color with meaning received the 

following handouts in their first folder, which they used to answer Questions 4-5: 

 Report 1 with No Footer (as labeled in Appendix C) 

 Report 1 Abstract B (as labeled in Appendix C) 

They later received the following handouts in their second folder to answer Questions 6-

7: 
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 Report 2 with No Footer (as labeled in Appendix C) 

 Report 2 Abstract B (as labeled in Appendix C) 

When these respondents reached Question 8 they answered its third version. 

Scenario 6: Interpretation guides in Style A (black folders). Respondents whose 

reports were accompanied by interpretation guides that were shorter and contained less 

information (two pages) than the alternatively-framed guides (three pages) and utilized 

heading color with meaning received the following handouts in their first folder, which 

they used to answer Questions 4-5: 

 Report 1 with No Footer (as labeled in Appendix C) 

 Report 1 Interpretation Guide A (as labeled in Appendix C) 

They later received the following handouts in their second folder to answer Questions 6-

7: 

 Report 2 with No Footer (as labeled in Appendix C) 

 Report 2 Interpretation Guide A (as labeled in Appendix C) 

When these respondents reached Question 8 they answered its fourth version. 

Scenario 7: Interpretation guides in Style B (red folders). Respondents whose 

reports were accompanied by interpretation guides that were longer and contained more 

information (three pages) than the alternatively-framed guides (two pages) and did not 

utilize heading color with meaning received the following handouts in their first folder, 

which they used to answer Questions 4-5: 

 Report 1 with No Footer (as labeled in Appendix C) 

 Report 1 Interpretation Guide B (as labeled in Appendix C) 
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They later received the following handouts in their second folder to answer Questions 6-

7: 

 Report 2 with No Footer (as labeled in Appendix C) 

 Report 2 Interpretation Guide B (as labeled in Appendix C) 

When these respondents reached Question 8 they answered its fourth version. 

Triangulation. While this was a quantitative rather than a mixed-methods study, 

there were still opportunities for triangulation. Although one sampling strategy was 

utilized, collecting data from a variety of educators leant data triangulation to the study. 

Also, each report respondents analyzed in the study were used for two different data 

analysis questions rather than one, and two reports were used in this way so as to provide 

a total of four data analysis questions. Report differences, to which all 211 participants 

were exposed, included: 

 Report 1 was graphical in format, whereas Report 2 was tabular in format. 

 Report 1 utilized the use of a key/legend to answer analysis questions, whereas 

Report 2 did not. 

 Color was vital to the understanding of Report 1 data, whereas color was not 

pertinent to the analysis of Report 2 data.  

 Report 1 related to an assessment considered higher stakes than the Report 2 

assessment. 

 Report 1 presented aggregate data in the form of site and state averages, whereas 

Report 2 presented student-level data. 

Question differences, to which all 211 participants were exposed, included: 
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 Questions 4-5 analyses required more steps than Questions 6-7 analyses, 

presenting varied levels of critical thinking and difficulty. 

 Questions 4-5 each required the selection of only one of the multiple-choice 

answer options, whereas Questions 6-7 each required the selection of one or more 

of the multiple-choice answer options, with the correct number of selections that 

must be made left as undefined for respondents as the correct answers. 

These variations leant within-method methodological triangulation to the study. 

Questionnaire coding. A code book was created prior to administering the 

survey. While code descriptions are featured below, see Appendix D for the code book, 

featuring details on the coding process used on the data file. Coding was assisted by the 

use of Google Docs. For example, the coding process requires adding an identification 

number to the first field of each questionnaire – and thus each respondent’s record – on a 

data spreadsheet, adding category headers to the top of each data column, and organizing 

responses as one person/questionnaire per row (Tufféry, 2011). Google Docs Form 

accomplished all of these aspects automatically each time any respondent submitted his 

or her questionnaire. 

Questions 1-2 were coded as follows because the answer options were likely to be 

more common nearest to option “a,” as this was the least demanding answer option, and 

less common as they neared option “e,” as this was the most demanding answer option:  

1. How long have you worked as an educator (e.g., teacher or administrator) for 

students under 19 years of age? Select the highest option applicable. 

a. less than 1 year [assign 1 point] 

b. 5 years [assign 2 points] 
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c. 10 years [assign 3 points] 

d. 15 years [assign 4 points] 

e. 20 or more years [assign 5 points] 

2. Which of the following roles best describes your current position? If your role is 

mixed, select the role requiring most of your time. 

a. Teacher [assign 1 point] 

b. Colleague Coach (e.g., Teacher on Special Assignment) [assign 2 points] 

c. Site/School Administrator [assign 3 points] 

d. District Administrator [assign 4 points] 

The point order used for Question 1-2 was reversed for Question 3. This suited 

the practice of assigning low or negative numbers for disagreeing/negative answer 

responses, as the answer options were likely to be more positive nearest to option “a” and 

more negative as they neared option “d.” 

3. How proficient are you at analyzing student performance data? In your opinion: 

a. Very proficient [assign 4 points] 

b. Somewhat proficient [assign 3 points] 

c. Not proficient [assign 2 points] 

d. Far from proficient [assign 1 point] 

For Questions 4-7, zero points were assigned to answers that were incorrect, and 1 

point to answers that were correct, with only one answer being accepted per question. 

This was possible because each of these questions only had one clearly correct answer 

and assessed responders’ ability to correctly analyze the data they had been given via the 

particular report they had been given: 
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4. Which content cluster is most likely the School’s strength? Base your answer on 

the folder's Report 1. [assign 1 point for correct answer, and 0 points for any 

incorrect answer] 

a. Word Analysis and Vocabulary Development [assign 0 points] 

b. Reading Comprehension  [assign 0 points] 

c. Literary Response and Analysis [assign 0 points] 

d. Written Conventions [assign 0 points] 

e. Writing Strategies [assign 1 point] 

f. Writing Applications [assign 0 points] 

5. Which content cluster is most likely the School’s weakness? Base your answer on 

the folder's Report 1. [assign 1 point for correct answer, and 0 points for any 

incorrect answer] 

a. Word Analysis and Vocabulary Development [assign 0 points] 

b. Reading Comprehension  [assign 0 points] 

c. Literary Response and Analysis [assign 0 points] 

d. Written Conventions [assign 1 point] 

e. Writing Strategies [assign 0 points] 

f. Writing Applications [assign 0 points] 

6. Which student(s) did NOT score Proficient on the CELDT? Check all that apply. 

Base your answer on the folder's Report 2. CHECK ALL THAT APPLY. [assign 1 

point for correct answer, and 0 points for any incorrect answer] 

a. Student B and Student D [assign 1 point] 

b. Any Other Answer or Answer Combination [assign 0 points] 
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7. In which area(s) did at least 1 student earn a score that PREVENTED him/her 

from scoring Proficient on the CELDT? Base your answer on the folder's Report 

2. CHECK ALL THAT APPLY. [assign 1 point for correct answer, and 0 points 

for any incorrect answer] 

a. Speaking and Overall [assign 1 point] 

b. Any Other Answer or Answer Combination [assign 0 points] 

Not Numbered. What color is your folder? The cover of your report materials folder 

features the name of its color. [folders are also colored in entirety to match their color 

names] [assign points based on increasing levels/volume of text support]  

a. White [assign 1 point] 

b. Yellow [assign 3 points] 

c. Green [assign 2 points] 

d. Blue [assign 5 points] 

e. Purple [assign 4 points] 

f. Red [assign 7 points] 

g. Black [assign 6 points] 

Question 8 varied based on the data analysis support each respondent received. 

The point order used for Question 8 followed the practice of assigning low or negative 

numbers for disagreeing/negative answer responses, as the answer options were likely to 

be more positive nearest to option “a” and more negative as they neared option “d.” The 

four different versions of Question 8 are listed below as Question 8a for respondents with 

no data analysis supports, Question 8b for respondents with footers, Question 8c for 

respondents with abstracts, and Question 8d for respondents with interpretation guides: 
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8a. The 2 reports you just used did not offer any special assistance in analyzing the 

data. If they had been accompanied by text (e.g., a footer, guide, or abstract) designed 

to help you interpret the data, would you likely have used the added support? 

a. Yes – I probably would use the support. [assign 4 points for identification 

but convert to 0 for analyses involving whether or not support was present 

or used] 

b. No – I probably would not use the support. [assign 1 point for 

identification but convert to 0 for analyses involving whether or not 

support was present or used] 

8b. The 2 reports you just used contained footers with analysis guidelines designed to  

help you. Did you read these footers before answering questions related to the 

reports? 

a. Yes – I referred to both reports’ footers. [assign 4 points for identification 

but convert to 1 for analyses involving whether or not support was used 

for Questions 4-7] 

b. I referred to Report 1’s footer but not Report 2’s footer. [assign 3 points 

for identification but convert to 1 for analyses involving whether or not 

support was used for Questions 4 and 5 and convert to 0 for analyses 

involving whether or not support was used for Questions 6 and 7] 

c. I referred to Report 2’s footer but not Report 1’s footer. [assign 2 points 

for identification but convert to 0 for analyses involving whether or not 

support was used for Questions 4 and 5 and convert to 1 for analyses 

involving whether or not support was used for Questions 6 and 7] 
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d. No – I did not refer to either footer. [assign 1 point but convert to 0 for 

analyses involving whether or not support was used for Questions 4-7] 

8c. The 2 reports you just used were each accompanied by a 1-page abstract (like a  

reference sheet) with analysis guidelines designed to help you. Did you read these 

abstracts/sheets before answering questions related to the reports? 

a. Yes – I referred to both reports’ abstracts/sheets. [assign 4 points but 

convert to 1 for analyses involving whether or not support was used for 

Questions 4-7] 

b. I referred to Report 1’s abstract/sheet but not Report 2’s abstract/sheet. 

[assign 3 points for identification but convert to 1 for analyses involving 

whether or not support was used for Questions 4 and 5 and convert to 0 

for analyses involving whether or not support was used for Questions 6 

and 7] 

c. I referred to Report 2’s abstract/sheet but not Report 1’s abstract/sheet. 

[assign 2 points for identification but convert to 0 for analyses involving 

whether or not support was used for Questions 4 and 5 and convert to 1 

for analyses involving whether or not support was used for Questions 6 

and 7] 

d. No – I did not refer to either abstract/sheet. [assign 1 point but convert to 0 

for analyses involving whether or not support was used for Questions 4-7] 

8d. The 2 reports you just used were each accompanied by an interpretation guide (a  

packet) with analysis guidelines designed to help you. Did you read these guides 

before answering questions related to the reports? 
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a. Yes – I referred to both reports’ guides. [assign 4 points but convert to 1 

for analyses involving whether or not support was used for Questions 4-7] 

b. I referred to Report 1’s guide but not Report 2’s guide. [assign 3 points for 

identification but convert to 1 for analyses involving whether or not 

support was used for Questions 4 and 5 and convert to 0 for analyses 

involving whether or not support was used for Questions 6 and 7] 

c. I referred to Report 2’s guide but not Report 1’s guide. [assign 2 points for 

identification but convert to 0 for analyses involving whether or not 

support was used for Questions 4 and 5 and convert to 1 for analyses 

involving whether or not support was used for Questions 6 and 7] 

d. No – I did not refer to either guide. [assign 1 point but convert to 0 for 

analyses involving whether or not support was used for Questions 4-7] 

Questions 9-10 were coded as follows because the answer options were likely to 

be more common nearest to option “a,” as this was the least demanding answer option, 

and less common as they neared option “e,” as this was the most demanding answer 

option: 

9. Lots of professional development happens at school sites: for example, 

demonstrations to accompany textbook adoptions, meetings with colleagues to 

share differentiation strategies, training on how to use new software, etc. Only 

some professional development specifically focuses on how to analyze student 

data. Within the last 12 months, how many hours of professional development 

have you had that specifically focused on teaching you how to correctly 

interpret student data?  Select the highest option applicable. Time spent 
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analyzing student data without guidance should not be counted, nor should 

time spent learning technology to generate student data. 

a. 0 hours [assign 1 point] 

b. 1 hour [assign 2 points] 

c. 2 hours [assign 3 points] 

d. 5 hours [assign 4 points] 

e. 8 or more [assign 5 points] 

10. Educational Measurement refers to the analysis of student assessment data to 

draw conclusions about abilities. How many graduate-level courses have you 

taken that were specifically dedicated to educational measurement (e.g., student 

performance data analysis, measurement theory, or psychometrics)? Select the 

highest option applicable. 

a. 0 courses [assign 1 point] 

b. 1 course [assign 2 points] 

c. 2 courses [assign 3 points] 

d. 3 courses [assign 4 points] 

e. 4 or more [assign 5 points] 

After the coding of all 211 rows of respondent data and in each of the Columns A 

and Q-JH noted in the code book in Appendix D, four rows were added to the bottom of 

the data file and were filled with formulas to make the following calculations of the 

same-column cells within the range of the 211 respondent data rows: 

 sum/total the cell contents/values  

 count non-blank cells 
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 divide the above count of non-blank cells by 211 to calculate % of participants 

 mean/average the cell contents/values 

The values in the four rows described above were used in Tables 4.01-4.14, which are 

each disaggregated by reporting environment or demographics and give mean values for 

the impact support presence and support use has on educators’ data analysis accuracy. 

Operational Definitions of Variables 

Please see Appendix B for the actual Google Docs Form survey that was used for 

the study. Table 3.07 illustrates the survey’s variables, as well as the corresponding 

questions and scales designed to address them. Question verbiage and the exact scale 

value attributed to each answer option are featured in the previous section (see Chapter 3: 

Research Method: Materials/Instruments: Questionnaire coding). 

 
 
Table 3.07: Survey Variables, Research Questions, Survey Items, & Scales 
 

Variable Name Research Questions Survey Item(s) and Scale 

Independent 

Variable 1: 

Support Provided 

& Framing Style 

Descriptive Question 1: Which 

analysis support did the educator 

receive? 

Related to Research Questions: Q1, 

Q2a, Q2b, Q3a, Q3b, Q4a, Q4b 

See unnumbered Survey 

Question 7b: support 

provided (ordinal scale) 
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Independent 

Variable 2: 

Use of Analysis 

Support 

Descriptive Question 2: To what 

extent did respondents use added 

analysis support? 

Related to Research Questions: Q1, 

Q2a, Q2b, Q3a, Q3b, Q4a, Q4b, 

Q5a-Q5e, Q6a-Q6e 

See Survey Question 8; 

support usage (ordinal 

scale) 

Independent 

Variable 3: 

School Site Level 

Type 

Descriptive Question 3: What was 

the educators’ school site level type? 

Note: This variable was included 

because school level type is 

sometimes rumored to have an 

impact on data analysis practice and 

competency. 

Related to Research Question: Q5a 

Not on the survey (based 

on public California 

Department of Education 

data added to Column S on 

the data file based on each 

participant’s school site, 

and coded in Column JG) 

(ordinal scale) 

Independent 

Variable 4: 

School Site Level 

Descriptive Question 4: What was 

the educators’ school site level? 

Note: This variable was included 

because school level is sometimes 

rumored to have an impact on data 

analysis practice and competency. 

Related to Research Question: Q5b 

Not on the survey (based 

on public California 

Department of Education 

data added to Column S on 

the data file based on each 

participant’s school site, 

and coded in Column JG) 

(ordinal scale) 
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Independent 

Variable 5: 

Academic 

Performance 

Descriptive Question 5: What was 

the Growth API of the school site? 

Note: This variable was included 

because teachers of students with 

more significant struggles are often 

rumored to have more data analysis 

practice and competency. 

Related to Research Question: Q5c 

Not on the survey (based 

on public California 

Department of Education 

data added to Column W 

on the data file based on 

each participant’s school 

site) (ordinal scale) 

Independent 

Variable 6: 

English Learner 

Population 

Descriptive Question 6: What was 

the population of English Learners 

attending the school site? Note: This 

variable was included because 

teachers of students with more 

significant struggles are often 

rumored to have more data analysis 

practice and competency. 

Related to Research Question: Q5d 

Not on the survey (based 

on public California 

Department of Education 

data added to Column X on 

the data file based on each 

participant’s school site) 

(ordinal scale) 
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Independent 

Variable 7: 

Socioecon-

omically 

Disadvantaged 

Population 

Descriptive Question 7: What was 

the population of Socioeconomically 

Disadvantaged students attending 

the school site? Note: This variable 

was included because teachers of 

students with more significant 

struggles are often rumored to have 

more data analysis practice and 

competency. 

Related to Research Question: Q5e 

Not on the survey (based 

on public California 

Department of Education 

data added to Column Y on 

the data file based on each 

participant’s school site) 

(ordinal scale) 

Independent 

Variable 8: 

Students with 

Disabilities 

Population 

Descriptive Question 8: What was 

the population of Students with 

Disabilities attending the school 

site? Note: This variable was 

included because teachers of 

students with more significant 

struggles are often rumored to have 

more data analysis practice and 

competency. 

Related to Research Question: Q5f 

Not on the survey (based 

on public California 

Department of Education 

data added to Column Z on 

the data file based on each 

participant’s school site) 

(ordinal scale) 
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Independent 

Variable 9: 

Veteran Status 

Descriptive Question 9: How long 

had the educator been working as an 

educator? 

Related to Research Question: Q6a 

See Survey Question 1: 

years teaching (ordinal 

scale) 

Independent 

Variable 10: 

Role 

Descriptive Question 10: What was 

the educator’s current role? 

Related to Research Question: Q6b 

See Survey Question 2: job 

title (ordinal scale) 

Independent 

Variable 11: 

Perceived 

Proficiency 

Descriptive Question 11: What was 

the educator’s perceived level of 

data analysis proficiency? 

Related to Research Question: Q6c 

See Survey Question 3: 

perceived data analysis 

proficiency (ordinal scale) 

Independent 

Variable 12: 

Professional 

Development 

Descriptive Question 12: Within the 

last year, how many hours of 

training/professional development 

had the educator participated in that 

specifically focused on how to 

properly analyze student data? 

Related to Research Question: Q6d 

See Survey Questions 9: 

hours of related 

training/professional 

development (ordinal scale) 
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Independent 

Variable 13: 

Graduate-Level 

Course 

Instruction 

Descriptive Question 13: How many 

graduate-level educational 

measurement courses had the 

educator taken? 

Related to Research Question: Q6e 

See Survey Questions 10: 

number of related graduate-

level course instruction 

(ordinal scale) 

Dependent 

Variable 1: 

Data Analysis 

Accuracy 

Descriptive Question 14: How 

accurate was the educator’s analysis 

of student achievement data? 

Related to Research Questions: Q1, 

Q2a, Q2b, Q3a, Q3b, Q4a, Q4b, 

Q5a-Q5e, Q6a-Q6e 

See Survey Questions 4-7: 

content cluster strength, 

content cluster weakness, 

strongest grade-level 

performance, weakest 

grade-level performance 

(nominal scale) 

 
 

Behavioral economics’ impact on variables. Regarding behavioral economics’ 

impact on variables, it is important to note that priming and framing are the most relevant 

behavioral economics dimensions in this study. The complete process of data-informed 

decision-making is influenced by behavioral economics facets such as priming, biases, 

heuristics, prototypes, judgments, anchoring, and framing (Kahneman, 2011). For 

example, even seemingly insignificant differences in how content is arranged can have a 

major impact on the decisions people make based on that content (Thaler & Sunstein, 

2008). However, this study was concerned only with the environment of the online data 

system, as the study’s purpose lay in finding ways data systems can be improved to 
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facilitate improved data analyses. Thus conditions outside of those that can be controlled 

within a data system were not manipulated or used as variables in the study. Likewise, 

this study related to improving the accuracy of educators’ data analyses in the thought 

portion – or “data-informed” portion – of data-informed decision-making, as opposed to 

evaluating the decisions to which the data-informed thoughts lead. Thus study variables 

were exclusively concerned with behavioral economics dimensions that can be impacted 

by the data system during data analyses: the priming and framing dimensions. 

Priming. Priming is the behavioral economics dimension that a data system can 

facilitate before data reports are viewed, as this study sought to measure the value of data 

system analysis supports that can be – though are not always – viewed before educators 

view the data reports to inform their decisions. Essentially, the analysis support resources 

can prime the educator’s thoughts concerning the data, and then those thoughts can prime 

the educator’s decisions. For example, Goodman, and Hambleton (2004) noted value 

gained in states that accompanied data reports with information for parents to read before 

reading and interpreting the data. 

Study participants received different data analysis supports (or none) with the 

potential to prime his or her thoughts and analyses concerning the data reports that were 

also viewed. However, it was possible that respondents receiving resources with the 

potential to prime would not use the resources. While Dependent Variable 1: Data 

Analysis Accuracy (Survey Questions 4-7) measured the accuracy of the educator’s 

analyses of the data, Independent Variable 2:Use of Analysis Support (Survey Question 

8) measured the extent to which the respondent used the added resources. This 
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combination of question intent allowed the resources’ impact on priming to be better 

determined. 

Framing. Framing applies to the presentation of information, and framing the 

same information to someone in different ways will often result in different levels of 

difficulty in understanding or analyzing the information (Kahneman, 2003, 2011). The 

manner in which content is organized for people using it to make decisions significantly 

impacts those decisions (Thaler & Sunstein, 2008). Framing thus plays a large role in 

data analysis accuracy and data-informed decision-making. Reports used in this study 

therefore subscribed to leading research-based recommendations concerning the best 

ways in which to frame the data in report format, though they did so in a way that did not 

deviate from what is commonly seen in data systems currently on the market. In other 

words, reports used in the Over-the-Counter Data’s Impact on Educators’ Data Analysis 

Accuracy study adhered to the better data presentations commonly seen in data systems, 

but they did not adhere to the best data presentations that – despite being more effective – 

are not yet commonly seen in student data systems (see Chapter 2: Literature Review: 

History of Specific Research Contributions for a historic timeline of research-based 

recommendations for report design, which relate to framing). 

Suggested ways to present analysis guidance in footers, abstracts, and 

interpretation guides were utilized in this study, but the best manner in which to frame 

these resources had not yet been determined in regards to direct impact on analysis 

accuracy. Thus each of the three support resources used in this study were framed in two 

different formats for respondents. 
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Framing was also a key reason behind the necessity of this study. While research 

already existed concerning the best data displays to use to improve educators’ analyses, 

such as using bar graphs rather than pie charts, the best way in which to frame analysis 

support within a data system to improve educators’ analyses had not yet been determined. 

This study was meant to help fill the gap in research literature. Thus the footers, abstracts, 

and interpretation guides utilized in this study were each presented in two different 

formats. Dependent Variable 1: Data Analysis Accuracy (Survey Questions 4-7) then 

measured the accuracy of the educator’s analysis of the data when exposed to each data 

system support. This allowed the study to not only highlight the extent to which each data 

system analysis support can potentially increase analysis accuracy, but also the best 

manner in which to frame these resources in regards to direct impact on analysis 

accuracy. 

Data Collection, Processing, and Analysis 

Data collection method. This experimental study, which was conducted in a 

computer laboratory environment rather than a field test environment, involved a web-

based questionnaire crafted and administered in Google Docs, taking advantage of the 

Google Docs Form feature, and involved groups of no more than 30 respondents at each 

administration time. The researcher explored three data analysis supports provided by a 

data system, each framed in two different formats, by presenting 211 elementary and 

secondary educators with different versions of the same two student achievement data 

report environments. These report sets fit into one of the following treatment categories 

(a) no added analysis support; (b) analysis support by way of footers directly on the 

reports, which were offered in two different framing styles; (c) analysis support by way 



181 
 

of abstracts, which accompanied the reports and were offered in two different framing 

styles; or (d) by way of interpretation guides, which accompanied the reports and were 

offered in two different framing styles (see Appendix C for reports and handouts). 

While an online survey was used, the interviewer was present and available to 

participants during the survey completion process to compensate for the online format’s 

weakness of otherwise not allowing for participants to ask questions and receive 

clarification if the survey process confuses them. Such answers and clarifications were 

restricted to information to help participants in survey completion but not in relation to 

any matters that could bias the results. For example, participants received reports meant 

to be used in answering particular data analysis questions. If a respondent asked, “Am I 

using this report and the previous report to answer this question?” it would be acceptable 

to answer, “No; you will only use the second report.” However, if the respondent asked, 

“Which columns on this report’s table should I be looking at?” the interviewer had to 

respond, “I’m sorry, but I cannot answer that question.” The introduction prior to the 

survey addressed the fact that analysis questions would be inappropriate for the 

interviewer to answer. 

The efficiency and cost-effectiveness of this electronic approach to data collection 

allowed for a larger number of participants, which likely resulted in a more reliable data 

sampling than would be possible with smaller numbers. The larger number also better 

allowed for a thoroughly cross-sectional sampling. In addition, this method leant itself 

well to the editing and coding phases of the study. 

Sampling and materials. Please see the Participants section of this chapter for 

sampling procedures and details, which relate to data collection and analysis. Please see 
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the Materials/Instruments section of this chapter for details on the survey and handouts 

used, as well as ways in which they facilitate triangulation, all of which relate to data 

collection, processing, and analysis. 

 Priori power analysis. Each participant’s survey translated into a percent correct 

score for Questions 4-7. Their accuracy was thus reported much like the U.S. Department 

of Education reports accuracy in relation to its studies shadowing NCLB, such as that of 

USDEOPEPD (2010). To determine ideal sample size through priori power analysis, the 

researcher conducted a two-tailed t-test calculating the difference between two 

independent means utilizing the G*Power 3.1 statistical analysis tool. For this analysis’s 

details, see Figure 3.01 for all input and output parameters and see Figure 3.02 for an X-

Y plot graph showing the power (1-β probability of correctly rejecting the null 

hypothesis) in relation to sample size. Input parameters included: tails = two, effect size d 

= 0.5, α error of probability (alpha, the probability of a type I error) = 0.05, and power (1-

β error of probability for a type II error) = 0.95. Output parameters included noncentrality 

parameter δ = 3.6228442, critical t = 1.9714347, Df = 208, sample size group1 = 105, 

sample size group 2 = 105, total sample size, = 210, actual power  = 0.9501287. The 

priori two-tailed t-test thus resulted in a recommended sample size of at least 210 

educators. 

 However, the researcher also conducted an F-test linear multiple regression 

analysis, fixed model, R2 deviation from zero, using the G*Power 3.1 statistical analysis 

tool. For this analysis’s details, see Figure 3.03 for all input and output parameters and 

see Figure 3.04 for an X-Y plot graph showing the power (1-β probability of correctly 

rejecting the null hypothesis) in relation to sample size. Input parameters included: effect 
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size f² = 0.15, α error of probability (alpha, the probability of a type I error) = 0.05, power 

(1-β error of probability for a type II error) = 0.95, and number of predictors based on 

independent variables =7. Output parameters included noncentrality parameter λ = 

22.9500000, critical F = 2.0732820,  numerator df = 7, denominator df = 145, total 

sample size = 153, and actual power = 0.9503254. The priori F-test thus resulted in a 

recommended sample size of at least 153 educators. However, since the 210 sample size 

resulting from the two-tailed t-test was greater than 153, a sample size of at least 210 

educators was used as the goal for this study. 211 participants were thus ultimately 

involved. 

Editing the data. The editing phase typically involves editing for omissions, 

legibility, and preparing the data for storage and coding (Tufféry, 2011). The use of 

Google Docs Form for this study helped to handle these aspects. For example, the Google 

Docs “required question” setting was assigned to each survey question to eliminate the 

risk of omissions. This approach simultaneously eliminated the risk of response bias 

resulting from nonresponses on the survey. However, descriptive information describing 

respondents and non-respondents would have been used in the event that some 

participants did not complete their surveys, but this was not necessary since all 

participants finished the survey. Non-respondent data on the school sites where 

participants were working came from the California Department of Education’s 

DataQuest site (http://data1.cde.ca.gov/dataquest), where the researcher generated a 

2011-12 (the most recent school year available) School Quality Snapshot report for each 

site to determine its: 

http://data1.cde.ca.gov/dataquest/
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 2012 Growth Academic Performance Index (API), California’s state 

accountability measure and also a factor in Adequate Yearly Progress (AYP) 

for California’s federal accountability 

 English Learner (EL) population  

 Socioeconomically Disadvantaged population 

 Students with Disabilities population 

Likewise, legibility issues were not problematic, as respondents entered their 

answers electronically. This simultaneously handled readying the data for storage, as it 

was automatically stored securely and password-protected online as soon as it was 

entered, and it made strides in preparing the data coding (addressed below). 

 

Table 3.08: Linear Regression Analyses Applied to Research Question Variables 
 

Abbreviated Research Question Relationship Explanation of Relationship 

Q1. Support’s impact on 

analysis accuracy 

A = f(S) A (Analysis Accuracy) is a function 

of S (Support) 

Q2a. Footer’s impact on 

analysis accuracy 

A = f(F) A (Analysis Accuracy) is a function 

of F (Footer) 

Q2b. Footer framing’s impact 

on analysis accuracy 

A = f(FF) A (Analysis Accuracy) is a function 

of F (Footer’s Framing) 

Q3a. Abstract’s impact on 

analysis accuracy 

A = f(B) A (Analysis Accuracy) is a function 

of B (Abstract) 
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Q3b. Abstract framing’s impact 

on analysis accuracy 

A = f(BF) A (Analysis Accuracy) is a function 

of BF (Abstract’s Framing) 

Q4a. Interpretation guide’s 

impact on analysis accuracy 

A = f(I) A (Analysis Accuracy) is a function 

of I (Interpretation Guide) 

Q4b. Interpretation guide 

framing’s impact on analysis 

accuracy 

A = f(IF) A (Analysis Accuracy) is a function 

of IF (Interpretation Guide’s 

Framing) 

 

Regression analysis. Table 3.08 illustrates the survey’s research question 

variables with the corresponding regression analysis features designed to address them. 

Results from the study were downloaded into a Microsoft Excel® worksheet and coded 

according to Chapter 3: Research Method: Materials/Instruments: Questionnaire coding 

and Appendix D. A scatterplot (see Figure 3.05) was then fashioned in Microsoft Excel® 

to show the distribution of respondent’s data analysis accuracy scores (0%-100%) in 

relation to their reporting environments (1-7).  A linear regression trend line displaying 

the trend line equation of y = 0.0003x + 0.232 and the R2 value of R2 = 0.0016 was added 

to the scatterplot. This figure, along with other tools yet to be discussed, was used in 

making casual observations concerning the supports’ impact on respondents’ analysis 

accuracy. However, Figure 3.05 was not used to determine the degree to which each 

support impacted data analysis accuracy, as a scatterplot is not designed to render such 

determinations. 
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One of multiple graphical displays of data (Figure 3.05) was initially used for 

casual observations concerning the supports’ impact on respondents’ analysis accuracy. 

However, this format was not designed to facilitate analyses of the degree to which each 

support impacted data analysis accuracy. Mathematical equations expressing functional 

relationships was thus needed (Schroeder, Sjoquist, & Stephan, 1986). Assuming the null 

hypothesis that each support has no significant impact on data analysis accuracy, the form 

of the equations was straight lines. Table 3.09 illustrates these functional relationship 

formulas. 

 
  

Figure 3.05: Distribution of Data Analysis Accuracy Scores  with Multiple Points Overlaid 

 



187 
 

Table 3.09: Linear Regression Relationship Applied to Research Question Variables 
 

Abbreviated Research 

Question 

Relationship Explanation of Relationship 

Q1. Support’s impact on 

analysis accuracy 

A = α+βS A (Analysis Accuracy) with unknown 

parameters (α and β) holding for the 

education population is a function of S 

(Support) with unknown parameters (α and 

β) holding for the education population 

Q2a. Footer’s impact on 

analysis accuracy 

A = α+βF A (Analysis Accuracy) with unknown 

parameters (α and β) holding for the 

education population is a function of F 

(Footer) with unknown parameters (α and 

β) holding for the education population 

Q2b. Footer framing’s 

impact on analysis 

accuracy 

A = α+βFF A (Analysis Accuracy) with unknown 

parameters (α and β) holding for the 

education population is a function of F 

(Footer’s Framing) with unknown 

parameters (α and β) holding for the 

education population 
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Q3a. Abstract’s impact 

on analysis accuracy 

A = α+βB A (Analysis Accuracy) with unknown 

parameters (α and β) holding for the 

education population is a function of B 

(Abstract) with unknown parameters (α and 

β) holding for the education population 

Q3b. Abstract framing’s 

impact on analysis 

accuracy 

A = α+βBF A (Analysis Accuracy) with unknown 

parameters (α and β) holding for the 

education population is a function of BF 

(Abstract’s Framing) with unknown 

parameters (α and β) holding for the 

education population 

Q4a. Interpretation 

guide’s impact on 

analysis accuracy 

A = α+βI A (Analysis Accuracy) with unknown 

parameters (α and β) holding for the 

education population is a function of I 

(Interpretation Guide) with unknown 

parameters (α and β) holding for the 

education population 
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Q4b. Interpretation 

guide framing’s impact 

on analysis accuracy 

A = α+βIF A (Analysis Accuracy) with unknown 

parameters (α and β) holding for the 

education population is a function of IF 

(Interpretation Guide’s Framing) with 

unknown parameters (α and β) holding for 

the education population 

 

The researcher set the values of these equations’ population parameters using the 

sample of 211 educators that was used for this study. Essentially, the researcher 

determined whether the slope (β) was greater than zero to estimate whether use of the 

given support resulted in an increase in data analysis accuracy, and the researcher 

estimated the value of β to estimate the extent of the support’s impact on data analysis 

accuracy. To find a linear approximation of variable relationships, the researcher used the 

Microsoft Excel® linear trend/regression line function to insert a straight line between the 

points on each scatterplot (as seen in Figure 3.05). This was important for even casual 

observations, as it accounted for the fact that the scatterplot featured identical responses 

with a single mark; for example, 22 of the 31 people receiving no analysis support 

received an analysis score of 0%, whereas four people receiving no analysis support 

received an analysis score of 25%, yet the two analysis scores were merely represented 

by two equally-sized marks on a scatterplot. However, the researcher added the number 

of instances above each data point for added clarification. The researcher also opted to 

display the regression line’s equation and the R-squared value on the scatterplot (as seen 

in Figure 3.05). 



190 
 

Independent Samples T-Tests. The researcher used SPSS for the Independent 

Samples T-Tests for the analyses of nominal and scale data. These were used to 

investigate the relationship between data analysis support use and data analysis accuracy. 

This test compared the means of a normally distributed interval dependent variable 

(analysis accuracy) for two independent groups (respondents who received the support 

and those who did not). Four such tests were conducted in order to examine the impact of 

four different types of support use: (a) any support, combining the supports that follow as 

b-d; (b) footer; (c) abstract; and (d) interpretation guide. Respondent data rows were 

sorted by the contents of Column Q to sort responses by reporting environment to 

facilitate upcoming analyses. The outputs for these SPSS Independent Samples T-Tests 

are featured in Appendices E-H. 

The researcher conducted Independent Samples T-Tests to investigate the 

relationship between data analysis support presence and data analysis accuracy. Four 

such tests were conducted in order to examine the impact of the presence of four different 

types of supports: (a) any support, combining the supports that follow as b-d; (b) footer; 

(c) abstract; and (d) interpretation guide. These investigations concerning support 

presence differed from the investigations concerning support use in that the former was 

concerned merely with whether or not a support was present and did not concern whether 

or not the respondent used any support. Conversely, the latter was concerned with 

whether or not the respondent indicated he or she actually used a support. Respondent 

data rows were sorted by the contents of Column Q to sort responses by reporting 

environment to facilitate upcoming analyses. The outputs for these SPSS Independent 

Samples T-Tests are featured in Appendices I-L. 
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The researcher also conducted Independent Samples T-Tests to determine if each 

embedded data analysis support’s format had a significant impact on its effectiveness. 

This test leant itself well to this investigation, as two different formats were used for each 

support in the study, creating three pairs to be investigated separately. Three such tests 

were conducted in order to examine the format set for each of the three different types of 

supports used in the study: (a) footer; (b) abstract; and (c) interpretation guide. 

Respondent data rows remained sorted by the contents of Column Q to sort responses by 

reporting environment to facilitate upcoming analyses. The outputs for these SPSS 

Independent Samples T-Tests are featured in Appendices M-O. 

Support use and data analysis accuracy. The researcher needed to determine the 

relationship between whether or not any data analysis support (e.g., footer, abstract, or 

interpretation guide) was used by the respondent, as indicated by the respondent, and the 

resultant data analysis accuracy. The respondent data row contents of Columns IQ and IR 

were added to SPSS, followed (underneath) by that of Columns IS and IT, then IU and 

IV, and then IW and IX (see Appendix D for column code book descriptions). This 

created two columns and 844 rows of respondent data in order to include data for all four 

data analysis questions that were answered by each respondent, each with a chance of a 

data analysis support being used or not used. For example, a participant might have used 

the support for Report 1 and obtained a data accuracy score of 100% on related Questions 

4 and 5, but then might not have used the support for Report 2 and obtained a data 

accuracy score of 50% on related Questions 6 and 7. The accuracy rate had to be tied 

directly to whether or not the support was used and thus tied to each reporting/support 

instance. Variable settings used for this data are is shown in Figure 3.06. 
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Figure 3.06: Support Use and Data Analysis Accuracy Variable Settings 
  

The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and support use as the grouping variable. This 

resulted in the statistics shown in Appendix E. The t value from the t-test for Equality of 

Means was used to determine whether the relationship between support use and data 

analysis accuracy was significance. 

Footer use and data analysis accuracy. The researcher needed to determine the 

relationship between whether or not a footer was used by the respondent, as indicated by 

the respondent, and the resultant data analysis accuracy. In order to isolate only instances 

where a footer was used or not used, which included data from control group participants 

and participants who were given a reporting environment with footers, contents were only 

used from rows where the value of Column Q equaled 1, 2, or 3 (see Appendix D for 

column code book descriptions). The applicable respondent data row contents of 

Columns IQ and IR were added to SPSS, followed (underneath) by that of Columns IS 

and IT, then IU and IV, and then IW and IX. This created two columns and 364 rows of 

applicable respondent data in order to include data for all four data analysis questions that 

were answered by each respondent, each with a chance of a footer being used or not used. 

For example, a participant might have used the footer for Report 1 and obtained a data 

accuracy score of 100% on related Questions 4 and 5, but then might not have used the 

footer for Report 2 and obtained a data accuracy score of 50% on related Questions 6 and 
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7. The accuracy rate had to be tied directly to whether or not the footer was used and thus 

tied to each reporting/support instance. Variable settings used for this data are is shown in 

Figure 3.07. 

 

Figure 3.07: Footer Use and Data Analysis Accuracy Variable Settings 
  

The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and footer use as the grouping variable. This 

resulted in the statistics shown in Appendix F. The t value from the t-test for Equality of 

Means was used to determine whether the relationship between footer use and data 

analysis accuracy was significance. 

Abstract use and data analysis accuracy. The researcher needed to determine the 

relationship between whether or not an abstract was used by the respondent, as indicated 

by the respondent, and the resultant data analysis accuracy. In order to isolate only 

instances where an abstract was used or not used, which included data from control group 

participants and participants who were given a reporting environment with abstracts, 

contents were only used from rows where the value of Column Q equaled 1, 4, or 5 (see 

Appendix D for column code book descriptions). The applicable respondent data row 

contents of Columns IQ and IR were added to SPSS, followed (underneath) by that of 

Columns IS and IT, then IU and IV, and then IW and IX. This created two columns and 

364 rows of applicable respondent data in order to include data for all four data analysis 

questions that were answered by each respondent, each with a chance of an abstract being 
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used or not used. For example, a participant might have used the abstract for Report 1 and 

obtained a data accuracy score of 100% on related Questions 4 and 5, but then might not 

have used the abstract for Report 2 and obtained a data accuracy score of 50% on related 

Questions 6 and 7. The accuracy rate had to be tied directly to whether or not the abstract 

was used and thus tied to each reporting/support instance. Variable settings used for this 

data are is shown in Figure 3.08. 

 

Figure 3.08: Abstract Use and Data Analysis Accuracy Variable Settings 
 

The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and abstract use as the grouping variable. This 

resulted in the statistics shown in Appendix G. The t value from the t-test for Equality of 

Means was used to determine whether the relationship between abstract use and data 

analysis accuracy was significance. 

Interpretation guide use and data analysis accuracy. The researcher needed to 

determine the relationship between whether or not an interpretation guide was used by 

the respondent, as indicated by the respondent, and the resultant data analysis accuracy. 

In order to isolate only instances where an interpretation guide was used or not used, 

which included data from control group participants and participants who were given a 

reporting environment with interpretation guides, contents were only used from rows 

where the value of Column Q equaled 1, 6, or 7 (see Appendix D for column code book 

descriptions). The applicable respondent data row contents of Columns IQ and IR were 
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added to SPSS, followed (underneath) by that of Columns IS and IT, then IU and IV, and 

then IW and IX. This created two columns and 364 rows of applicable respondent data in 

order to include data for all four data analysis questions that were answered by each 

respondent, each with a chance of an interpretation guide being u used or not used. For 

example, a participant might have used the interpretation guide for Report 1 and obtained 

a data accuracy score of 100% on related Questions 4 and 5, but then might not have used 

the interpretation guide for Report 2 and obtained a data accuracy score of 50% on 

related Questions 6 and 7. The accuracy rate had to be tied directly to whether or not the 

interpretation guide was used and thus tied to each reporting/support instance. Variable 

settings used for this data are is shown in Figure 3.09. 

 

Figure 3.09: Interpretation Guide Use and Data Analysis Accuracy Variable Settings 
  

The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and interpretation guide use as the grouping 

variable. This resulted in the statistics shown in Appendix H. The t value from the t-test 

for Equality of Means was used to determine whether the relationship between 

interpretation guide use and data analysis accuracy was significance. 

Support presence and data analysis accuracy. The researcher needed to 

determine the relationship between whether or not any data analysis support (e.g., footer, 

abstract, or interpretation guide) was available to the respondent and the resultant data 

analysis accuracy. The respondent data row contents of Columns IY and IZ were added 
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to SPSS, followed (underneath) by that of Columns JA and JB, then JC and JD, and then 

JE and JF (see Appendix D for column code book descriptions). This created two 

columns and 844 rows of respondent data in order to include data for all four data 

analysis questions that were answered by each respondent, each with a chance of a data 

analysis support being present or not present. Variable settings used for this data are is 

shown in Figure 3.10. 

 

Figure 3.10: Support Presence and Data Analysis Accuracy Variable Settings 
  

The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and support presence as the grouping variable. This 

resulted in the statistics shown in Appendix I. The t value from the t-test for Equality of 

Means was used to determine whether the relationship between support presence and data 

analysis accuracy was significance. 

Footer presence and data analysis accuracy. The researcher needed to determine 

the relationship between whether or not a footer was available to the respondent and the 

resultant data analysis accuracy. In order to isolate only instances where a footer was 

used or not used, which included data from control group participants and participants 

who were given a reporting environment with footers, contents were only used from rows 

where the value of Column Q equaled 1, 2, or 3 (see Appendix D for column code book 

descriptions). The applicable respondent data row contents of Columns IY and IZ were 

added to SPSS, followed (underneath) by that of Columns JA and JB, then JC and JD, 
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and then JE and JF. This created two columns and 364 rows of applicable respondent data 

in order to include data for all four data analysis questions that were answered by each 

respondent, each with a chance of a footer being present or not present. Variable settings 

used for this data are is shown in Figure 3.11. 

 

Figure 3.11: Footer Presence and Data Analysis Accuracy Variable Settings 
  

The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and footer presence as the grouping variable. This 

resulted in the statistics shown in Appendix J. The t value from the t-test for Equality of 

Means was used to determine whether the relationship between footer presence and data 

analysis accuracy was significance. 

Abstract presence and data analysis accuracy. The researcher needed to 

determine the relationship between whether or not an abstract was available to the 

respondent and the resultant data analysis accuracy. In order to isolate only instances 

where an abstract was used or not used, which included data from control group 

participants and participants who were given a reporting environment with abstracts, 

contents were only used from rows where the value of Column Q equaled 1, 4, or 5 (see 

Appendix D for column code book descriptions). The applicable respondent data row 

contents of Columns IY and IZ were added to SPSS, followed (underneath) by that of 

Columns JA and JB, then JC and JD, and then JE and JF. This created two columns and 

364 rows of applicable respondent data in order to include data for all four data analysis 
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questions that were answered by each respondent, each with a chance of an abstract being 

present or not present. Variable settings used for this data are is shown in Figure 3.12. 

 

Figure 3.12: Abstract Presence and Data Analysis Accuracy Variable Settings 
 

The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and abstract presence as the grouping variable. This 

resulted in the statistics shown in Appendix K. The t value from the t-test for Equality of 

Means was used to determine whether the relationship between abstract presence and 

data analysis accuracy was significance. 

Interpretation guide presence and data analysis accuracy. The researcher 

needed to determine the relationship between whether or not an interpretation guide was 

available to the respondent and the resultant data analysis accuracy. In order to isolate 

only instances where an interpretation guide was used or not used, which included data 

from control group participants and participants who were given a reporting environment 

with interpretation guides, contents were only used from rows where the value of Column 

Q equaled 1, 6, or 7 (see Appendix D for column code book descriptions). The applicable 

respondent data row contents of Columns IY and IZ were added to SPSS, followed 

(underneath) by that of Columns JA and JB, then JC and JD, and then JE and JF. This 

created two columns and 364 rows of applicable respondent data in order to include data 

for all four data analysis questions that were answered by each respondent, each with a 
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chance of an interpretation guide being present or not present. Variable settings used for 

this data are is shown in Figure 3.13. 

 

Figure 3.13: Interpretation Guide Presence and Data Analysis Accuracy Variable 
Settings 
  

The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and interpretation guide presence as the grouping 

variable. This resulted in the statistics shown in Appendix L. The t value from the t-test 

for Equality of Means was used to determine whether the relationship between 

interpretation guide presence and data analysis accuracy was significance. 

Footer format and data analysis accuracy. The researcher needed to determine 

the relationship between a footer’s format, as explored through two formats differing in 

length and color usage, and respondents’ resultant data analysis accuracy. In order to 

isolate only instances where a footer was present, which included only data from 

participants who were given a reporting environment with footers, contents were only 

used from rows where the value of Column Q equaled 2 or 3 (see Appendix D for column 

code book descriptions). The applicable respondent data row contents of Columns Q and 

DK were added to SPSS, and the percentage contents of Column DK were converted into 

numeric values (e.g., “50 %” was converted to “50”) in order to avoid rejected from use 

as the test variable in SPSS. This created two columns and 60 rows of applicable 

respondent data, as 60 respondents were given reporting environments featuring footers. 

Variable settings used for this data are is shown in Figure 3.14. 
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Figure 3.14: Footer Format and Data Analysis Accuracy Variable Settings 
  

The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and footer format as the grouping variable. This 

resulted in the statistics shown in Appendix M. The t value from the t-test for Equality of 

Means was used to determine whether the relationship between footer presence and data 

analysis accuracy was significance. 

Abstract format and data analysis accuracy. The researcher needed to determine 

the relationship between a abstract’s format, as explored through two formats differing in 

length and color usage, and respondents’ resultant data analysis accuracy. In order to 

isolate only instances where a abstract was present, which included only data from 

participants who were given a reporting environment with abstracts, contents were only 

used from rows where the value of Column Q equaled 4 or 5 (see Appendix D for column 

code book descriptions). The applicable respondent data row contents of Columns Q and 

DK were added to SPSS, and the percentage contents of Column DK were converted into 

numeric values (e.g., “50 %” was converted to “50”) in order to avoid rejected from use 

as the test variable in SPSS. This created two columns and 60 rows of applicable 

respondent data, as 60 respondents were given reporting environments featuring 

abstracts. Variable settings used for this data are is shown in Figure 3.15. 

 

Figure 3.15: Abstract Format and Data Analysis Accuracy Variable Settings 
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 The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and abstract format as the grouping variable. This 

resulted in the statistics shown in Appendix N. The t value from the t-test for Equality of 

Means was used to determine whether the relationship between abstract presence and 

data analysis accuracy was significance. 

Interpretation guide format and data analysis accuracy. The researcher needed 

to determine the relationship between a interpretation guide’s format, as explored through 

two formats differing in length and color usage, and respondents’ resultant data analysis 

accuracy. In order to isolate only instances where a interpretation guide was present, 

which included only data from participants who were given a reporting environment with 

interpretation guides, contents were only used from rows where the value of Column Q 

equaled 6 or 7 (see Appendix D for column code book descriptions). The applicable 

respondent data row contents of Columns Q and DK were added to SPSS, and the 

percentage contents of Column DK were converted into numeric values (e.g., “50 %” was 

converted to “50”) in order to avoid rejected from use as the test variable in SPSS. This 

created two columns and 60 rows of applicable respondent data, as 60 respondents were 

given reporting environments featuring interpretation guides. Variable settings used for 

this data are is shown in Figure 3.16. 

 

Figure 3.16: Interpretation Guide Format and Data Analysis Accuracy Variable Settings 
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The SPSS Analyze: Compare Means: Independent Samples T-Test function was 

then used to conduct an Independent Samples T-Test with a 95% confidence interval, 

analysis accuracy as the test variable, and interpretation guide format as the grouping 

variable. This resulted in the statistics shown in Appendix O. The t value from the t-test 

for Equality of Means was used to determine whether the relationship between 

interpretation guide presence and data analysis accuracy was significance. 

Crosstabulations with Chi-square.  The SPSS Analyze: Descriptive Statistics: 

Crosstabs function was used to conduct Chi-square analyses (Appendices I-J). The 

relationships between independent variables 3-13 (as indicated in Table 3.07) and 

 (a) respondents’ data analysis accuracy and 

 (b) respondents’ likelihood of using embedded data analysis supports 

were examined with Chi-square analyses in order to answer secondary research 

Questions 5a-6e (see Table 3.02). To do this, the 211 respondent data file rows for 

Columns A, C-E, O-Q, W-Z, DK, IO, JG, and JH (see Appendix D for code book 

definitions) was pasted into SPSS. Variable settings used for this data when examining 

respondents’ data analysis accuracy, (a), are is shown in Figure 3.17. Variable settings 

used for this data when examining respondents’ likelihood of using embedded data 

analysis supports, (b), remained the same as those shown in Figure 3.17 except the last 

two variable rows (Accuracy and SupportUse) had their roles swapped. 
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Figure 3.17: Demographics and Data Analysis Accuracy Variable Settings 
 

For each analyses of a variable’s relationship to respondents’ data analysis 

accuracy, (a): 

 a single variable (of Variables 3-13) was selected for the crosstab’s Row(s) value 

 the Data Analysis Accuracy (% Correct) variable, which was originally derived 

from Column DK in the data file (see Appendix D for code book definition), was 

selected for the crosstab’s Column(s) value, and 

 Chi-square was selected from the Crosstabs: Statistics options. 

For each analyses of a variable’s relationship to respondents’ likelihood of using 

embedded data analysis supports, (b): 

 a single variable (of Variables 3-13) was selected for the crosstab’s Row(s) value 

 the Support Use/Want variable, which was originally derived from Column IO in 

the data file (see Appendix D for code book definition), was selected for the 

crosstab’s Column(s) value, and 

 Chi-square was selected from the Crosstabs: Statistics options. 

Since crosstabulations with Chi-square analyses were conducted for 2 relationship types 

(a and b, as outlined above) for each of the for 11 independent variables described above, 
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22 crosstabulations with Chi-square analyses were conducted. Results from these 

analyses are featured in Appendices I-J. The Chi-square tests allowed the researcher to 

determine if any relationships between crosstabulated variables were significant as 

opposed to random variation. The significance value (Asymp. Sig.) was used to 

determine the significance value of the relationships, with the lower the value the more 

likely the two variables were deemed related, and with significance values less than 0.05 

deemed significant. 

Assumptions 

The study was created under the assumption of this fact to be true: educators’ data 

analyses impact students when these analyses are used to inform decisions made 

specifically to impact students. Thus data analysis errors made within the data analysis 

step of data-informed decision-making have the potential to negatively impact students 

and therefore constitute a problem that needs to be remedied. However, the assumption 

that served to inspire this study was not the only assumption made. 

Assumptions about the study population included that respondents would make 

reasonable attempts to answer the four data analysis questions – Questions 4-7 – 

correctly, but they would not necessarily answer the questions to the best of their 

abilities. Because most survey completion sessions were conducted at the end of the 

school day, which meant at the end of each participant’s work day, it was reasonable to 

assume respondents were tired, which is not conducive to data analysis accuracy. For 

example, fatigue at the end of a workday can cause a significant decline in interpretation 

accuracy (Krupinski & Berbaum, 2010). However, the times when these survey sessions 

were conducted – when staff members were not teaching – were also the time these 
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educators would be most likely to have the time to conduct their real-life analyses of 

student data. Thus these were the ideal times to conduct survey sessions. Nonetheless, 

steps were taken to reduce other factors that might artificially reduce analysis 

performance. For example, test anxiety and worry over potential negative results from a 

test can cause testers to perform poorly in testing situations (Zeidner, 1998). Thus the fact 

that responses were completely anonymous and could not be tied back to the individuals 

taking the survey was a fact that was included on the Informed Consent Form but also 

verbally stressed to all participants when the study was introduced. 

Another assumption about the study population was that respondents would be 

honest in their responses. For example, it was assumed that a first year teacher would be 

honest in indicating he or she had been teaching for no more than one year on Question 1 

as opposed to making the “20 or more years” selection. Nonetheless, steps were taken to 

best ensure such honestly. For example, the study was voluntary and its voluntary nature 

was stressed on the Informed Consent Form each participant signed but also verbally to 

all participants when the study was introduced. Respondents were told there would be no 

negative repercussions if they opted not to participate, and they were told they could 

withdraw at any time, even after beginning the survey. In this way any educators not 

interested in making the honest efforts needed to participate could easily abstain. In 

addition, the researcher expressed deep gratitude for participants’ time and feedback at 

the start of the survey and stressed the impact the study results are likely to have on 

educators and students in the future. This atmosphere of gratitude likely helped 

participants to know they were appreciated, which likely increased rather than decreased 

their chances of making honest efforts to complete the survey with legitimacy. Likewise, 
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educators are in a profession focused on helping students, so the fact that results would 

impact educators and students was also likely to increase the fidelity of their answers. 

The also researcher circulated the room in the same manner teachers do in their 

classrooms during test sessions, which helped to maintain silence and seriousness, while 

also avoiding diffusion of treatment. 

An assumption about the study design was that that 211 sample size would render 

educators demonstrative of all participant characteristics featured in Table 3.04. In an 

effort to have all of these participant characteristics manifested in the study sample, the 

researcher conducted a priori two-tailed t-test calculating the difference between two 

independent means to determine ideal sample size. The priori two-tailed t-test resulted in 

a recommended sample size of at least 210 educators. However, the researcher also 

conducted an F-test linear multiple regression analysis, fixed model, R2 deviation from 

zero. This priori F-test resulted in a recommended sample size of at least 153 educators. 

However, since the 210 sample size resulting from the two-tailed t-test was greater than 

153, responses from 211 participants were collected for the study in order to exceed even 

the more rigorous recommendation. See Chapter 3: Research Method: Research Method 

and Design for details on the regression analyses that was also applied. Fortunately, the 

211 sample size successfully rendered educators demonstrative of all participant 

characteristics featured in Table 3.04. This allowed the sample size to be generalized to 

the education population at large. 

Limitations 

The study dealt exclusively with educators and their use of data system reports 

and resources in an isolated setting. Thus, to maintain external validity, study findings 
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may not be applied to inferences concerning non-educators, such as parents, students, or 

politicians. Likewise, in consideration of the potential impact of interaction of setting and 

treatment, no generalizations of data analyses may be made of analysis environments that 

are not report-based, such as data analyses made based on data group discussions or 

based on an explanation heard by a data coach. 

Overcoming threats to external validity. Both external validity and construct 

validity involve making generalizations, but a distinction exists in the types of 

generalizations made. Regarding construct validity, the study’s measurements clearly 

assessed data analysis accuracy – the study’s “label” – and were not more appropriate for 

another topic. Regarding external validity, the study was accurately applied to inferences 

concerning other educators who interact with similar yet different data and data reports. 

This was the case because external validity threats are risked when sample data is used to 

draw conclusions concerning other people, settings, or time periods (Vogt, 2006). 

The threats to external validity are interaction of selection and treatment, 

interaction of setting and treatment, and interaction of history and treatment (Black, 1999; 

Gall, Borg, & Gall, 2007). To avoid the first of these, many educators of varied roles 

were included in the study, and generalizations about educators outside of those included 

in the study were not made. For example, inferences may only be made to veteran 

teachers if they were also thoroughly represented in the study; likewise, inferences may 

not be made to parents or students using data system reports. To circumvent the second of 

these threats, no generalizations of data analyses were made of analysis environments 

that are not report-based, such as data analyses made based on data group discussions or 

based on an explanation heard by a data coach. To avoid the last of these threats, no 
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generalizations were made about past or future data analyses that could be altered by 

history’s impact on the treatment. For example, if an educator uses data reports with the 

analysis guidance of footers, abstracts, and interpretation guides for one year and then 

suddenly uses the same reports without these supports, it is not supposed his or her data 

analyses will be as poor as those who used support-free reports in the study, as his or her 

understanding of the data’s proper analyses will likely have been impacted by the regular 

use of support-embedded reports. 

Overcoming threats to internal validity. The study incorporated cause and 

effect inferences, as its researcher sought to assess the impact analysis supports in data 

systems have on the accuracy of educators’ data analysis while using the reports. Thus 

internal validity and its threats were aspects that were considered. The threats to internal 

validity are lengthy: history, maturation, regression, selection, mortality, diffusion of 

treatment, compensatory/resentful demoralization, compensatory rivalry, testing, and 

instrumentation (Black, 1999). Some of these threats were not relevant to this study:  

maturation, regression, mortality, compensatory/resentful demoralization, compensatory 

rivalry, testing, and instrumentation. For example, maturation was not an issue, as no 

more than 20 minutes passed between the start and end of each study session, and thus 

participants did not significantly age during survey completion. As another example, 

compensatory/resentful demoralization and compensatory rivalry were not concerns 

because participants were not aware of the treatment other participants were receiving 

during the study and/or how they differed. 

To avoid the internal validity threats that could relate to the study, all groups were 

exposed to the same external events and participants were selected randomly while still 
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being selecting from varied sites and school levels. These steps helped to circumvent the 

threats of history and selection. Diffusion of treatment, however, was a concern. The 

reports participants worked with during the study varied slightly from those used by 

others in the room in terms of the supports that were on the reports or accompanied the 

reports, though participants were asked to work independently and not interact, and thus 

did not see the differences between report environments or have their responses affected. 

However, most teachers work in isolation from their colleagues for the majority of the 

workday and thus could have been eager to interact when outside the classroom. To avoid 

diffusion of treatment, the researcher circulated the room in the same manner teachers do 

in their classrooms during test sessions, and the need for silence was addressed as the 

study was introduced and maintained during the study. 

Delimitations 

Although the study’s scope concerned guidance that computer-based data systems 

can provide within reports they are used to generate and within the data systems 

themselves, participants used reports and supports that can come from a data system as 

opposed to actually using a data system on a computer. Viewing a data system’s report on 

the computer versus printed can negatively impact how it is interpreted; for example, 

someone who correctly interprets a printed report can make mistakes when scrolling is 

involved (Hattie, 2010; Leeson, 2006). Also, technology can prevent someone from 

demonstrating a skill when he or she lacks computer familiarity (Bennett & Gitomer, 

2009; Horkay, Bennett, Allen, Kaplan, & Yan, 2006). For example, technology problems 

such as outdated hardware, inadequate bandwidth, system freezes, and use of computers 

outside of the teaching profession influence teachers’ success using a data system 
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(Rennie Center for Education Research and Policy, 2006; Underwood et al., 2008). In 

order to prevent such variables as technical skills and Internet conditions impacting study 

results, the study involved printed data system reports and handouts. This way the 

researcher and did not have to wonder – as those reading the study findings will not have 

to wonder – if analysis struggles were due to the study’s report and support environments 

or merely due to technical struggles or Internet problems. 

Another delimitation of the study concerned data-informed decision-making and 

behavioral economics. This study related to improving the accuracy of educators’ data 

analyses, which is enacted in the thought portion – or “data-informed” portion – of data-

informed decision-making. According to the ideomotor effect, primed thoughts then 

prime one’s decisions or behavior (Kahneman, 2011). Thus the data-informed thoughts 

are believed to influence decision-making. Nonetheless, this study did not explore the 

decision-making that results from the data-informed thoughts. 

Many behavioral economics dimensions can be manipulated to improve data-

informed decision-making. For example, the process of thinking and deciding is 

influenced by behavioral economics facets such as priming, biases, heuristics, prototypes, 

judgments, anchoring, and framing (Kahneman, 2011). Even seemingly insignificant 

differences in how content is arranged can mean a significant difference in the decisions 

people make based on that content (Thaler & Sunstein, 2008). However, this study was 

concerned only with the reporting environments generated by the online data system, as 

the study’s purpose lay in finding ways data systems can be improved to facilitate 

improved data analyses. Thus conditions outside of those that can be controlled within a 

data system were not manipulated or used as variables in the study. 
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The study’s final delimitation related to the analysis support formats that were 

investigated. There is an abundance of research concerning general recommendations and 

best practices for report footers and for supplemental documentation such as abstracts and 

interpretation guides. For example, too much information or text can overwhelm users 

and cause them to miss higher level implications, so links to supplemental information  

can allow users to “drill down” to information that is not the focus of the report 

(VanWinkle, Vezzu, & Zapata-Rivera, 2011). The three analysis supports used as 

independent variables in this study thus conformed to the wealth of existing research 

concerning their format. However, there were finer aspects of format that had not been 

investigated in terms of specific impact on educators’ data analyses. Thus this study’s 

exploration of format, through the two differing formats that were used for each analysis 

support, was not an investigation of whether or not “format matters” in regards to these 

tools. Rather, since it is already accepted the format of such tools does matter, generally-

similar yet slightly-dissimilar formats were investigated, namely concerning length and 

color usage, to explore finer points of analysis support format. For example, it is already 

known longer paragraphs discourage users from reading them, with some research 

indicating passages with short paragraphs receive twice as much attention as those with 

longer paragraphs (Outing & Ruel, 2006). Thus this study’s reports bearing footers did 

not feature a two-line footer in one reporting environment and then a half-page footer in 

the second reporting environment; such differences would be extreme and the likely 

outcome already known. Rather, the difference between footer length in this study was 

more subtle: 39 words versus 58 words for Report 1, and 34 words versus 42 words for 

Report 2 (see Chapter 3: Research Method: Materials/Instruments: Handouts for specific 
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details on handout differences, and see Appendix C for the actual handouts). Thus 

findings could be used to determine more specific recommendations for analysis supports 

if those findings were found to be significant. In the case of this study, unlike the other 

support-related variables the study investigated, the format-related differences found 

were not deemed significant. 

Ethical Assurances 

Deliberate measures were taken to ensure the study adhered to ethical practices, 

such as protection from harm, informed consent, right to privacy, and honesty with 

professional colleagues. The researcher took key steps at each stage of the doctoral 

process to apply the care and integrity needed to meet the ethical standards of scientific 

research. For example: 

Plagiarism. All work submitted in relation to the study was the author’s own or 

else properly cited. This means every portion of the dissertation includes proper citations 

throughout, conforming to guidelines found in the 6th edition of Publication Manual of 

the American Psychological Association (APA, 2001). This includes the Self-plagiarism 

section of Chapter 1 in the publication. 

Risk assessment. Per Title 45 CFR 46.102(i) of Federal Regulations, the study 

needed to involve minimal risk to those involved in the study, meaning that it was not 

greater than risks normally encountered in everyday life or during routine examinations 

(Office of Human Subjects Research National Institutes of Health, 2005). To be sure the 

study conformed to this specification, the researcher ensured the testing environment was 

safe. For example, any cables or cords running through the computer lab were safely kept 

out of walking areas so no one tripped, and rooms were arranged for easy passage to and 
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from seats. Psychological factors were also considered, as response data was kept 

anonymous so no educator or institute could feel embarrassment or incur repercussions as 

a result of involvement in the study. 

Informed consent. The researcher exercised a proactive approach to informed 

consent. For example, consider the NCU Informed Consent Checklist item, “Statement 

that participation is voluntary, refusal to participate will involve no penalty or loss of 

benefits to which the subject is otherwise entitled, and the subject may discontinue 

participation at any time without penalty or loss of benefits, to which the individual is 

otherwise entitled” (Northcentral University, 2011, p. 1). While this information was 

featured on the form, it was ethically responsible to also frontload those helping to recruit 

participants. Since the researcher was organizing participation sessions at schools through 

their administrators, she took steps to make sure there was no miscommunication 

between each principal and his or her staff that might leave participants to guess their 

participation was required. For example, the researcher offered sample verbiage for 

principals’ emails and fliers to staff so busy principals could accurately communicate the 

voluntary nature of participation. Because of the potential for misunderstanding, the 

researcher was also extra careful to clearly communicate participants’ options for backing 

out without negative consequences by delivering this message to participants at the onset 

of the session in written and verbal format. 

Privacy, confidentiality, and data handling. The researcher adhered to all APA 

Ethics Code standards, specifically Standards 8.01-8.09 dealing with the treatment of 

humans and animals (APA, 2001). The researcher also selected and used tools to 

facilitate the protection of confidentiality. For example, she used the Google Docs Form 
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feature for a survey to collect participant responses without human interaction. This tool 

automatically assigns an anonymous, unique identifier (ID) to each record/row of 

response data. These IDs were thus used in a complete absence of participant names or 

employee numbers. Results were thus kept anonymous, as there was no record that tied 

responses back to specific participants.  

Study design and reporting. The researcher also took steps to protect the 

integrity of results reporting and its ability to be applied to real world practice. For 

example, the Google Docs Form “required question” setting was assigned to each survey 

question to eliminate the risk of response bias resulting from nonresponses on the survey. 

Results were tabled, graphed to check for normal distribution, and tested to see if they 

were considered statistically significant. A descriptive analysis containing the means, 

standard deviations, and score ranges was then prepared in relation to the independent 

and dependent variables. See Chapter 4: Results for details such as the varying 

significance levels (p) used for different types of research questions. Straightforward 

categorical scales in the form of correct/incorrect were used for analysis questions, as the 

answers were clearly right or wrong. 

Overcoming threats to construct validity. Data systems can contain footers on 

the reports they are used to generate, as well as abstracts and interpretation guides via 

links that accompany these reports in the data system and can also be printed to 

accompany printed reports. When applied to this study, construct validity described the 

degree to which inferences made based on the chosen measurement instrument may be 

applied to the theory concerning improving data analysis in real environments through 

data system modifications, such as the inclusion of footers, abstracts, or interpretation 
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guides with analysis guidance directly related to data contained in a data system report. 

For this study to have construct validity, the questions participants answered had to be 

appropriate measures of data analysis competency, and performance in answering them 

had to clearly reflect the impact of the variables used in the study. For example, the 

impact of independent variables such as particular forms of analysis guidance on the 

dependent variable were appropriately measured. 

Threats to construct validity include poor preoperational explanation of 

constructs, mono-operational bias, mono-method bias, interaction of different treatments 

and/or testing and treatment, not factoring in untended consequences on constructs, 

confounding constructs, and social threats (Vogt, 2006). There are various measures this 

study incorporated to avoid these. For example, the study: 

 had constructs that were clearly defined, 

 captured the full scope of the program by conducting the same experiment at a 

variety of school sites and with varied educators, 

 used multiple questions in the measurement tool, 

 accounted for how treatments interacted with one another as well as with the 

measurement itself, 

 appropriately considered unintended consequences, 

 and labeled experiment elements properly. 

To sidestep natural social tendencies, steps were taken to reduce the impact of hypothesis 

guessing, evaluation apprehension, and experimenter expectancies. 

Overcoming threats to external validity. Both external validity and construct 

validity involve making generalizations, but a distinction exists in the types of 
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generalizations made. Regarding construct validity, the study’s measurements clearly 

assessed data analysis accuracy – the study’s “label” – and were not more appropriate for 

another topic. Regarding external validity, the study was accurately applied to inferences 

concerning other educators who interact with similar yet different data and data reports. 

This was the case because external validity threats are risked when sample data is used to 

draw conclusions concerning other people, settings, or time periods (Vogt, 2006). 

The threats to external validity are interaction of selection and treatment, 

interaction of setting and treatment, and interaction of history and treatment (Black, 1999; 

Gall, Borg, & Gall, 2007). To avoid the first of these, many educators of varied roles 

were included in the study, and generalizations about educators outside of those included 

in the study were not made. For example, inferences may only be made to veteran 

teachers if they were also thoroughly represented in the study; likewise, inferences may 

not be made to parents or students using data system reports. To circumvent the second of 

these threats, no generalizations of data analyses were made of analysis environments 

that are not report-based, such as data analyses made based on data group discussions or 

based on an explanation heard by a data coach. To avoid the last of these threats, no 

generalizations were made about past or future data analyses that could be altered by 

history’s impact on the treatment. For example, if an educator uses data reports with the 

analysis guidance of footers, abstracts, and interpretation guides for one year and then 

suddenly uses the same reports without these supports, it is not supposed his or her data 

analyses will be as poor as those who used support-free reports in the study, as his or her 

understanding of the data’s proper analyses will likely have been impacted by the regular 

use of support-embedded reports. 
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Overcoming threats to internal validity. The study incorporated cause and 

effect inferences, as its researcher sought to assess the impact analysis supports in data 

systems have on the accuracy of educators’ data analysis while using the reports. Thus 

internal validity and its threats were aspects that were considered. The threats to internal 

validity are lengthy: history, maturation, regression, selection, mortality, diffusion of 

treatment, compensatory/resentful demoralization, compensatory rivalry, testing, and 

instrumentation (Black, 1999). Some of these threats were not relevant to this study:  

maturation, regression, mortality, compensatory/resentful demoralization, compensatory 

rivalry, testing, and instrumentation. For example, maturation was not an issue, as no 

more than 20 minutes passed between the start and end of each study session, and thus 

participants did not significantly age during survey completion. As another example, 

compensatory/resentful demoralization and compensatory rivalry were not concerns 

because participants were not aware of the treatment other participants were receiving 

during the study and/or how they differed. 

To avoid the internal validity threats that could relate to the study, all groups were 

exposed to the same external events and participants were selected randomly while still 

being selecting from varied sites and school levels. These steps helped to circumvent the 

threats of history and selection. Diffusion of treatment, however, was a concern. The 

reports participants worked with during the study varied slightly from those used by 

others in the room in terms of the supports that were on the reports or accompanied the 

reports, though participants were asked to work independently and not interact, and thus 

did not see the differences between report environments or have their responses affected. 

However, most teachers work in isolation from their colleagues for the majority of the 
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workday and thus could have been eager to interact when outside the classroom. To avoid 

diffusion of treatment, the researcher circulated the room in the same manner teachers do 

in their classrooms during test sessions, and the need for silence was addressed as the 

study was introduced and maintained during the study. 

Mistakes and negligence. To avoid mistakes and negligence, the researcher 

regularly referred to procedural texts and Northcentral resources such as the handbooks 

and Dissertation Center. In the event of any mistakes or negligence, the researcher would 

have immediately sought the counsel of her mentor, responded accordingly, referred to 

Shapiro and Smith (2011) for added input. In her dissertation the researcher would also 

have been honest and open about any mistakes so readers and future research may be 

thoroughly informed. However, such steps were not necessary as no mistakes or 

negligence occurred. 

IRB approval. The researcher completed the Collaborative Institutional Training 

Initiative (CITI) course, studied related literature such as Fiore (2011), and reviewed the 

Dissertation Center’s Institutional Review Board (IRB) Information section, which 

includesd the IRB Application. The researcher did not have any large ethical concerns for 

the intended research topic but always proceeded with caution in all areas nonetheless. 

Northcentral University IRB approval was obtained prior to the collection of any data for 

this study. 

Summary 

While a doctor isn’t present to explain an over-the-counter medication’s use, 

medicine bought in a store comes with a detailed label outlining its purpose, ingredients, 

dosage instructions, and dangers. It would be negligent to sell medicine without such 
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guidance on how to use it wisely, as this would risk the lives of those the medicine is 

used to treat (Brown-Brumfield & DeLeon, 2010, DeWalt, 2010). Meanwhile, educators 

are using data to treat students, yet they are operating without the data-equivalent to over-

the-counter medicine: reports generated in data systems typically contain insufficient 

supports such as labeling or supplemental documentation to guide users in the data’s use. 

The vast majority of stakeholders who use student data are not trained statisticians, and 

they need the data they view to be accompanied with additional information to teach 

them how to understand and use the data (DQC, 2009). Yet educators are using data 

systems and data system reports that do not feature data analysis guidance to help 

educators use the data appropriately – much like ingesting medicine from an unmarked or 

marginally marked container. Hampton (2007), Qin et al. (2011), and Clay (2012) offered 

or called for label recommendations similar to those recommended by the FDA for over-

the-counter medication labels. Label conventions can result in improved understanding 

on non-medication products, as well, if they are included (Hampton, 2007; Qin et al., 

2011). 

Research on aspects of report format and system support that can improve 

analysis accuracy is scarce (Goodman & Hambleton, 2004). Research that was devoted to 

data system and report format focuses on participants’ preferences and participants’ 

perceived value of supports as opposed to measuring supports’ actual impact on 

interpretation. This study was used to examine exactly how effective varied analysis 

supports, appropriate for inclusion in the data systems being used for data analyses, are in 

improving data analysis accuracy. The findings of this study contributed to literature in 

the field by helping to identify how data systems can best help increase data analysis 
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accuracy by providing analysis support within data systems and their reports. This means 

the findings have the potential to benefit students, who deserved to have this potential 

source of help explored. 
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Chapter 4: Findings 

The Over-the-Counter Data’s Impact on Educators’ Data Analysis Accuracy 

study investigated the problem of educators making data analysis errors impacting 

students while data systems and reports do not include analysis help, whereas it was 

undecided whether adding supports to data systems can reduce the number of analysis 

errors. Data-informed decisions can improve learning (Sabbah, 2011; Underwood, 

Zapata-Rivera, & VanWinkle, 2010; Wohlstetter, Datnow, & Park, 2008). Educators 

worldwide test students, distribute score reports, and expect stakeholders to make 

improvements based on these reports (Hattie & Brown, 2008). Most educators have 

access to data systems to generate and analyze score reports (Aarons, 2009; Herbert, 

2011). 

Unfortunately, educators do not use this data correctly, and there is clear evidence 

many users of data system reports have trouble understanding the data (Hattie, 2010; 

National Research Council, 2001; Wayman et al., 2010; Zwick et al., 2008). For example, 

in a national study of districts known for strong data use, teachers incorrectly interpreted 

52% of data (U.S. Department of Education Office of Planning, Evaluation and Policy 

Development [USDEOPEPD], 2009). Few teacher preparation programs cover topics like 

assessment data literacy (Halpin & Cauthen, 2011; Stiggins, 2002), most people 

analyzing data received no training to do so (DQC, 2009; Few, 2008), and human biases 

compromise judgment and complicate decision-making processes (Kahneman, 2011). 

Data use impacts students, and misunderstandings when using data systems can 

cripple data use in school districts (Wayman, Cho, & Shaw, 2009). Yet labeling and tools 

within data systems to assist analysis are uncommon, even though most educators 
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analyze data alone (USDEOPEPD, 2009). There is a clear need for research identifying 

how reports can better facilitate correct interpretations by its users (Goodman & 

Hambleton, 2004; Hattie, 2010). The power of data systems that generate these reports 

will not be realized until researchers contribute to improving data system design to 

improve analysis (DQC, 2011). 

The Over-the-Counter Data’s Impact on Educators’ Data Analysis Accuracy 

study was used to determine the degree to which three forms of data system-embedded 

data analysis support can improve the accuracy of educators’ data analyses. This chapter 

contains the study’s findings, organized around the study’s primary research questions 

and hypotheses. First the results are reported with descriptive information but otherwise 

without discussion. Next an evaluation of findings includes interpretation of the results 

and speculation of their implications. The chapter’s key findings are then summarized. 

Results 

Tables 4.01-4.14 contain results calculated within the data file in the manner 

described at length in Chapter 3: Research Method. When these tables and this section 

refer to: 

 supports, they are referring to (a) any support, combining the supports that follow 

as b-d; (b) footer; (c) abstract; or (d) interpretation guide. 

 support use, they are referring to instances in which respondents indicated they 

(a) used the available support or (b) would have used a support, as was a response 

option for control group participants who did not receive any supports. Note the 

support use refers to a percent of instances and not a percent of participants. For  



Table 4.01: All Report Environments 
 

 Participants  Support Use  Data Analysis Accuracy (% Correct) 

Report Environment n %  % Used/Wanted  Did Not Use Any 
Support 

Regardless of 
Support Use 

Used Available 
Support 

Any Report Environment                                       

(All 211 Respondents) 
211 100%   62%   11% 26% 39% 
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Table 4.02: Each Report Environment 
 
 Participants  Support Use  Data Analysis Accuracy (% Correct) 

Report Environment n %  
% 

Used/Wanted 

 
Would Not 
Have Used 

Support 

Would 
Have Used 

Support 

Did Not 
Use 

Available 
Support 

Regardless 
of Support 

Use 

Used 
Available 
Support 

Plain Report (Control 
Group) 31 15%   87%   13% 11% n/a 11% n/a 

Report with Shorter 
Footer 30 14%  75%  n/a n/a 27% 36% 33% 

Report with Longer 
Footer 30 14%  70%  n/a n/a 6% 32% 40% 

Report with Any 
Footer 60 28%  73%  n/a n/a 15% 34% 37% 

Plain Report + Less 
Dense Abstract 30 14%   53%   n/a n/a 11% 21% 31% 

Plain Report + Denser 
Abstract 30 14%  47%  n/a n/a 9% 24% 36% 

Report with Any 
Abstract 60 28%   50%   n/a n/a 10% 23% 33% 

Plain Report + 2-Page 
Interpretation Guide 30 14%   52%   n/a n/a 0% 32% 48% 

Plain Report + 3-Page 
Interpretation Guide 30 14%  52%  n/a n/a 3% 28% 48% 

Report with Any 
Interpretation Guide 60 28%   52%   n/a n/a 2% 30% 48% 

Report with Any 
Support 180 85%   58%   n/a n/a 8% 29% 39% 
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Table 4.03: Survey Questions Involving Data Analysis 
 

 Support Use  Data Analysis Accuracy 

Question / Report (Mean 26%) % Used/Wanted  % Correct 

Question 4 (Report 1) n/a  29% 

Question 5 (Report 1) n/a  28% 

Report 1 (Questions 4 & 5) 72%  28% 

Question 6 (Report 2) n/a  21% 

Question 7 (Report 2) n/a  27% 

Report 2 (Questions 6 & 7) 53%  24% 
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Table 4.04: School Level Type 
 

 Participants  Support Use  Data Analysis Accuracy 

School Level Type (2 Total) n %  % Used/Wanted  % Correct 

Elementary 132 63%  64%  26% 

Secondary 79 37%  59%   27% 
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Table 4.05: School Level 
 

 Participants  Support Use  Data Analysis Accuracy 

School Level (3 Total) n %  % Used/Wanted  % Correct 

Elementary 132 63%  64%  26% 

Middle/Junior High 47 22%  48%  25% 

High School 32 15%  75%   30% 
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Table 4.06: Academic Performance 
 

2012 Growth Academic Performance Index (API)                   Participants  Support Use  Data Analysis Accuracy 

(828 Mean)                  n %  % Used/Wanted  % Correct 

677 32 15%  75%  30% 

794 33 16%  47%  18% 

815 24 11%  65%  25% 

827 14 7%  50%  41% 

847 22 10%  68%  24% 

891 28 13%  57%  28% 

893 16 8%  75%  28% 

895 31 15%  71%  31% 

916 11 5%  41%   7% 
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Table 4.07: English Learner Population 
 

% of Site's Students Who Are English Learners Participants  Support Use  Data Analysis Accuracy 

(29% Mean) n %  % Used/Wanted  % Correct 

8% 16 8% 
 

75%   28% 

10% 31 15% 
 

71%  31% 

16% 11 5% 
 

41%  7% 

27% 22 10% 
 

68%  24% 

30% 33 16% 
 

47%  18% 

33% 24 11% 
 

65%  25% 

38% 32 15% 
 

75%  30% 

45% 14 7% 
 

50%  41% 

46% 28 13% 
 

57%   28% 
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Table 4.08: Socioeconomically Disadvantaged Population  
 

% of Site's Students Who Are Socioecon. Disadvantaged Participants  Support Use  Data Analysis Accuracy 

(52% Mean) n %  % Used/Wanted  % Correct 

22% 11 5%  41%   7% 

23% 31 15%  71%  31% 

31% 16 8%  75%  28% 

43% 28 13%  57%  28% 

56% 22 10%  68%  24% 

61% 57 27%  54%  21% 

78% 46 22%  67%   33% 
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Table 4.09: Students with Disabilities Population  
 

% of Site's Students with Disabilities Participants  Support Use  Data Analysis Accuracy 

(10% Mean) n %  % Used/Wanted  % Correct 

5% 16 8%  75%   28% 

8% 28 13%  57%  28% 

9% 38 18%  59%  31% 

10% 33 16%  59%  18% 

11% 33 16%  47%  18% 

12% 32 15%  75%  30% 

13% 31 15%  71%   31% 
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Table 4.10: Veteran Status 
 

Length of Time Working as an Educator (e.g., Teacher or Participants  Support Use  Data Analysis Accuracy 

Administrator) for Students under 19 Years of Age n %  % Used/Wanted  % Correct 

Less than 1 Year 2 1%  75%   25% 

Minimum of 5 Years 20 9%  70%  35% 

Minimum of 10 Years 33 16%  67%  32% 

Minimum of 15 Years 67 32%  63%  28% 

Minimum of 20 Years 89 42%  58%   21% 
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Table 4.11:: Role 
 

 Participants  Support Use  Data Analysis Accuracy 

Best Description of Current Position n %  % Used/Wanted  % Correct 

Teacher 199 94%  63%   26% 

Colleague Coach (e.g., Teacher on Special Assignment) 2 1%  25%  25% 

Site/School Administrator 8 4%  56%  19% 

District Administrator 2 1%  100%   75% 

  



234 
 

Table 4.12: Perceived Data Analysis Accuracy 
 

Perceived Proficiency at Analyzing Participants  Support Use  Data Analysis Accuracy 

Student Performance Data n %  % Used/Wanted  % Correct 

Very Proficient 45 21%  72%   27% 

Somewhat Proficient 139 66%  61%  27% 

Not Proficient 22 10%  57%  23% 

Far from Proficient 5 2%  30%   10% 
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Table 4.13: Professional Development (PD) 
 

PD Obtained within Past Year, Specifically Focused on Participants  Support Use  Data Analysis Accuracy 

Learning How to Correctly Interpret Student Data n %  % Used/Wanted  % Correct 

0 Hours 87 41%  58%   23% 

Minimum of 1 Hour 48 23%  63%  26% 

Minimum of 2 Hours 39 18%  72%  30% 

Minimum of 5 Hours 19 9%  71%  22% 

Minimum of 8 Hours 18 9%  53%   36% 
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Table 4.14: Graduate Educational Measurement Courses 
 

Graduate-Level Courses Taken, Participants  Support Use  Data Analysis Accuracy 

Specifically Dedicated to Educational Measurement n %  % Used/Wanted  % Correct 

0 Courses 100 47%  55%   23% 

Minimum of 1 Course 51 24%  70%  30% 

Minimum of 2 Courses 35 17%  73%  29% 

Minimum of 3 Courses 11 5%  64%  25% 

Minimum of 4 Courses 14 7%  61%   27% 



example, in Table 4.01, 62% of study participants indicated they used supports 

62% of the time. This is different than saying 62% of participants used or wanted 

supports, as a single respondent might have used supports only 50% of the time, 

such as using the footer on Report 1 but not the footer on Report 2. 

 data analysis accuracy, they are referring to the mean value of participants’ 

percent correct scores earned when answering Questions 4-7 measuring data 

analysis accuracy. 

The results featured in Tables 4.01-4.14 are organized around the study’s research 

questions, which follow. Research Questions were comprised of Q1-Q3b, which 

constituted the study’s seven primary research questions, and Q4a-Q6e, which constituted 

the study’s 11 secondary research questions serving the sole role of informing 

implications addressed by the primary research questions. 

Q1. Research Question Q1 was asked as follows: 

 What impact does data analysis guidance accompanying a data system report in 

the form of footer, abstract, or interpretation guide have on how frequently 

educators draw accurate conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that accompanying a report with a support containing 

analysis guidance in the form of footer, abstract, or interpretation guide would not 

have a positive impact on the frequency of accurate conclusions educators drew 

concerning student achievement data. 

 The alternative hypothesis was that accompanying a report with a support 

containing analysis guidance in the form of footer, abstract, or interpretation 
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guide would have a positive impact on the frequency of accurate conclusions 

educators drew concerning student achievement data. 

The null hypothesis (H10) was rejected and the alternative hypothesis was accepted (H1a) 

for Q1 based on the study results reported below. Accompanying a report with a support 

containing analysis guidance in the form of footer, abstract, or interpretation guide had a 

significant, positive impact on the frequency of accurate conclusions educators drew 

concerning student achievement data. This finding is explained in the remainder of this 

Q1 section. 

Table 4.01 features results for all 211 study participants, who indicated they used 

supports 62% of the time. When respondents did not use any supports, their data analysis 

accuracy was 11%. All 211 participants, regardless of support use, averaged a data 

analysis accuracy of 26%. In cases where respondents indicated they used an available 

support, data analysis accuracy was 39%. In terms of relative and absolute differences, 

educators’ data analyses were 264% more accurate (with an 18 percentage point 

difference) when any one of the three supports was present and 355% more accurate 

(with a 28 percentage point difference) when respondents specifically indicated having 

used the support (see Figure 4.01). See Figure 4.02 for a visual representation of 

supports’ impact on educators’ data analyses. 
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Figure 18: Impact of Supports in Terms of Relative Difference 
 
 

Table 4.02 features results shows for the 31 control group participants, who did 

not receive any supports, who constituted 15% of the total 211-participant sample. 87% 

of these participants who had no access to supports indicated they would have used the 

added support if they had it. Of the 31 control group participants who indicated they 

would not have used the added support, data analysis accuracy was 13%. Of the 31 

control group participants who indicated they would have used the added support, data 

analysis accuracy was 11%. All 31 control group participants, regardless of whether or 

not they wanted supports, averaged a data analysis accuracy of 11%. 
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Figure 19: Impact of Analysis Support (Footer, Abstract, or Interpretation Guide) 
 

Table 4.02 also features results shows for the 180 participants who received 

reporting environments containing supports: 60 received footers, 60 received abstracts, 

and 60 received interpretation guides. These 180 participants constituted 85% of the total 

211-participant sample. These participants who had access to report supports indicated 

they used the supports 58% of the time. When these respondents had supports yet 

indicated they did not use the supports, their data analysis accuracy was 8%. All 180 

participants with supports, regardless of support use, averaged a data analysis accuracy of 

29%. In cases where respondents indicated they used the available support, data analysis 

accuracy was 39%. 
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Table 4.03 features results by data analysis question on the survey in order to 

address any questions about whether there was an imbalance in the questions used to 

measure the data analysis accuracy noted in this section and others. Table 4.03 features 

results for all 211 study participants, who indicated they used Report 1 supports 72% of 

the time, which contributed to their answers of Questions 4 and 5, and used Report 2 

supports 53% of the time, which contributed to their answers of Questions 6 and 7. 

Report 1 was graphical and related to an assessment considered higher stakes than the 

Report 2 assessment, which was reported in tabular format. Participants’ data analysis 

accuracy was 29% on Question 4 and 28% on Question 5, with an average data analysis 

accuracy of 28% for Report 1 questions. Participants’ data analysis accuracy was 21% on 

Question 6 and 27% on Question 7, with an average data analysis accuracy of 24% for 

Report2 questions. 

An Independent Samples T-Test (see Appendix E) was used to determine whether 

the supports’ impact on educators’ data analysis accuracy was significant. This test first 

compared the means of a normally distributed interval dependent variable (analysis 

accuracy) for two independent groups (respondents who used the support and those who 

did not). As indicated in Appendix E, the significance value (Sig.) of the Levene’s Test 

for Equality of Variances statistic was 0.000. This value was less than 0.10, suggesting 

the variable groups had unequal variances. Consistent with Levene’s Test, the standard 

deviations (Std. Deviation) for the two groups were significantly different (0.260 and 

0.499), indicating the tested variable groups had unequal variances. Thus results from the 

Equal Variances Not Assumed (EVNA) test were considered. 
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In the t-test for Equality of Means, the t statistic was -13.910, which was 

calculated as the ratio of the difference between sample means divided by standard error 

of the difference. The total number of cases in both samples minus two, which was 

expressed as degrees of freedom (DF), was 625.660. The probability from the t 

distribution with the stated degrees of freedom was indicated as 0.000 Sig. (2-tailed); this 

was the probability of garnering an absolute value that was greater than or equal to the 

observed t statistic, if the difference between the sample means was considered purely 

random. 

The mean difference was -0.382 and was the product of subtracting the sample 

mean for the second group (participants who used a support) from the sample mean for 

the first group (participants who did not use a support). The 95% Confidence Interval of 

the Difference that was used estimated the boundaries of -0.436 to -0.328, between which 

the true mean difference lay in 95% of all possible random samples of participants. 

Since the p value, or Sig. (2-tailed), was 0.000 Sig. (2-tailed) EVA (p = 0.000) 

and was less than 0.05, one can safely conclude the mean difference was not due to 

chance alone. Accompanying a report with a support containing analysis guidance in the 

form of footer, abstract, or interpretation guide has a significant, positive impact on the 

frequency of accurate conclusions educators draw concerning student achievement data 

when it is used. 

An Independent Samples T-Test (see Appendix I) was also used to investigate the 

mere presence of an added support, regardless of whether or not participants reported 

using it. This test compared the means of a normally distributed interval dependent 

variable (analysis accuracy) for two independent groups (respondents who received the 
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support and those who did not). As indicated in Appendix I, the significance value (Sig.) 

of the Levene’s Test for Equality of Variances statistic was 0.000. This value was less 

than 0.10, suggesting the variable groups had unequal variances. Consistent with 

Levene’s Test, the standard deviations (Std. Deviation) for the two groups were 

significantly different (0.318 and 0.453), indicating the tested variable groups had 

unequal variances. Thus results from the Equal Variances Not Assumed (EVNA) test 

were considered. 

In the t-test for Equality of Means, the t statistic was -5.266, which was calculated 

as the ratio of the difference between sample means divided by standard error of the 

difference. The total number of cases in both samples minus two, which was expressed as 

degrees of freedom (DF), was 219.531. The probability from the t distribution with the 

stated degrees of freedom was indicated as 0.000 Sig. (2-tailed); this was the probability 

of garnering an absolute value that was greater than or equal to the observed t statistic, if 

the difference between the sample means was considered purely random. 

The mean difference was -0.175 and was the product of subtracting the sample 

mean for the second group (participants who received a support) from the sample mean 

for the first group (participants who did not receive a support). The 95% Confidence 

Interval of the Difference that was used estimated the boundaries of -0.240 to -0.109, 

between which the true mean difference lay in 95% of all possible random samples of 

participants. 

Since the p value, or Sig. (2-tailed), was 0.000 Sig. (2-tailed) (p = 0.000) and was 

less than 0.05, one can safely conclude the mean difference was not due to chance alone. 

Accompanying a report with a support containing analysis guidance in the form of footer, 
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abstract, or interpretation guide has a significant, positive impact on the frequency of 

accurate conclusions educators draw concerning student achievement data. In addition, 

this finding holds true whether or not the recipient indicates he or she uses the support. 

Q2a. Research Question Q2a was asked as follows: 

 What impact does a footer with analysis guidelines on a data system report have 

on how frequently educators draw accurate conclusions concerning student 

achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that accompanying a report with a supportive footer 

containing analysis guidance would not have a positive impact on the frequency 

of accurate conclusions educators drew concerning student achievement data. 

 The alternative hypothesis was that accompanying a report with a supportive 

footer would have a positive impact on the frequency of accurate conclusions 

educators drew concerning student achievement data. 

The null hypothesis (H2a0) was rejected and the alternative hypothesis was accepted 

(H2aa) for Q2a based on the study results reported below. Accompanying a report with a 

supportive footer had a significant, positive impact on the frequency of accurate 

conclusions educators drew concerning student achievement data. 

Table 4.02 features results shows for the 60 participants who received reporting 

environments containing footers. These 60 participants constituted 28% of the total 211-

participant sample. These participants who had access to report footers indicated they 

used the footers 73% of the time. When these respondents had footers yet indicated they 

did not use the footers, their data analysis accuracy was 15%. All 60 participants with 
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footers, regardless of footer use, averaged a data analysis accuracy of 34%. In cases 

where respondents indicated they used the available footer, data analysis accuracy was 

37%. In the 31 control group cases without any supports, which constituted 15% of the 

total 211-participant sample, data analysis accuracy was 11%. In terms of relative and 

absolute differences, educators’ data analyses were 307% more accurate (with a 23 

percentage point difference) when a footer was present and 336% more accurate (with a 

26 percentage point difference) when respondents specifically indicated having used the 

footer (see Figure 4.01). See Figure 4.03 for a visual representation of the footer’s 

impact on educators’ data analyses. 

 

 

Figure 20: Impact of Footer 
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An Independent Samples T-Test (see Appendix F) was used to determine whether 

the footers’ impact on educators’ data analysis accuracy was significant. This test first 

compared the means of a normally distributed interval dependent variable (analysis 

accuracy) for two independent groups (respondents who used the footer and those who 

did not). As indicated in Appendix F, the significance value (Sig.) of the Levene’s Test 

for Equality of Variances statistic was 0.000. This value was less than 0.10, suggesting 

the variable groups had unequal variances. Consistent with Levene’s Test, the standard 

deviations (Std. Deviation) for the two groups were significantly different (0.294 and 

0.498), indicating the tested variable groups had unequal variances. Thus results from the 

Equal Variances Not Assumed (EVNA) test were considered. 

In the t-test for Equality of Means, the t statistic was -8.022, which was calculated 

as the ratio of the difference between sample means divided by standard error of the 

difference. The total number of cases in both samples minus two, which was expressed as 

degrees of freedom (DF), was 275.119. The probability from the t distribution with the 

stated degrees of freedom was indicated as 0.000 Sig. (2-tailed); this was the probability 

of garnering an absolute value that was greater than or equal to the observed t statistic, if 

the difference between the sample means was considered purely random. 

The mean difference was -0.348 and was the product of subtracting the sample 

mean for the second group (participants who used the footer) from the sample mean for 

the first group (participants who did not use the footer). The 95% Confidence Interval of 

the Difference that was used estimated the boundaries of -0.433 to -0.262, between which 

the true mean difference lay in 95% of all possible random samples of participants. 
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Since the p value, or Sig. (2-tailed), was 0.000 Sig. (2-tailed) (p = 0.000) and was 

less than 0.05, one can safely conclude the mean difference was not due to chance alone. 

Accompanying a report with a footer containing analysis guidance has a significant, 

positive impact on the frequency of accurate conclusions educators draw concerning 

student achievement data when it is used. 

An Independent Samples T-Test (see Appendix J) was also used to investigate the 

mere presence of an added footer, regardless of whether or not participants reported using 

it. This test compared the means of a normally distributed interval dependent variable 

(analysis accuracy) for two independent groups (respondents who received the footer and 

those who did not). As indicated in Appendix J, the significance value (Sig.) of the 

Levene’s Test for Equality of Variances statistic was 0.000. This value was less than 

0.10, suggesting the variable groups had unequal variances. The standard deviations (Std. 

Deviation) for the two groups were significantly different (0.318 and 0.474), indicating 

the tested variable groups had unequal variances. Thus results from the Equal Variances 

Not Assumed (EVNA) test were considered. 

In the t-test for Equality of Means, the t statistic was -5.369, which was calculated 

as the ratio of the difference between sample means divided by standard error of the 

difference. The total number of cases in both samples minus two, which was expressed as 

degrees of freedom (DF), was 338.226. The probability from the t distribution with the 

stated degrees of freedom was indicated as 0.000 Sig. (2-tailed); this was the probability 

of garnering an absolute value that was greater than or equal to the observed t statistic, if 

the difference between the sample means was considered purely random. 
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The mean difference was -0.225 and was the product of subtracting the sample 

mean for the second group (participants who received the footer) from the sample mean 

for the first group (participants who did not receive the footer). The 95% Confidence 

Interval of the Difference that was used estimated the boundaries of -0.307 to -0.142, 

between which the true mean difference lay in 95% of all possible random samples of 

participants. 

Since the p value, or Sig. (2-tailed), was 0.000 Sig. (2-tailed) (p = 0.000) and was 

less than 0.05, one can safely conclude the mean difference was not due to chance alone. 

Accompanying a report with a footer containing analysis guidance in the has a 

significant, positive impact on the frequency of accurate conclusions educators draw 

concerning student achievement data. In addition, this finding holds true whether or not 

the recipient indicates he or she uses the support. 

Q2b. Research Question Q2b was asked as follows: 

 What impact does the manner in which a footer is framed, in terms of moderate 

differences in length and text color, have on its ability to impact the frequency 

with which educators draw accurate conclusions concerning student achievement 

data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that the manner in which a footer was framed, in terms of 

moderate differences in length and text color, would not have an impact on the 

frequency with which educators drew accurate conclusions concerning student 

achievement data. 
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 The alternative hypothesis was that the manner in which a footer was framed, in 

terms of moderate differences in length and text color, would have an impact on 

the frequency of accurate conclusions educators drew concerning student 

achievement data. 

The null hypothesis (H2b0) was accepted and the alternative hypothesis was rejected 

(H2ba) for Q2b based on the study results reported below. The manner in which a footer 

was framed, in terms of moderate differences in length and text color, did not have a 

significant impact on the frequency with which educators drew accurate conclusions 

concerning student achievement data. This is different than saying the manner in which a 

footer was framed did not have an impact on the frequency with which educators drew 

accurate conclusions concerning student achievement data. Rather, since it is already 

accepted the format of such tools does matter, generally-similar yet slightly-dissimilar 

footer formats were investigated in this study. See Chapter 3: Research Method: 

Delimitations for more details. 

Table 4.02 features results shows for the 60 participants who received reporting 

environments containing footers, 30 of whom constituted 14% of the total 211-participant 

sample and received Footer A, and 30 of whom constituted 14% of the total 211-

participant sample and received Footer B. Footer A was shorter and slightly less wordy 

(1st report footer: 39 words, 186 characters without spaces, 224 characters with spaces; 

2nd report footer: 34 words, 156 characters without spaces, 228 characters with spaces) 

than the alternatively-framed footers and contained headings that utilized text color with 

meaning. Footer B was longer and slightly wordier (1st report footer: 58 words, 269 

characters without spaces, 324 characters with spaces; 2nd report footer: 42 words, 199 
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characters without spaces, 237 characters with spaces) than the alternatively-framed 

footers and contained no headings or colored text.  

Participants receiving Footer A indicated they used the footers 75% of the time, 

whereas participants receiving Footer B indicated they used the footers 70% of the time. 

When Footer A participants indicated they did not use the available footers, their data 

analysis accuracy was 27%, whereas when Footer B participants indicated they did not 

use the available footers, their data analysis accuracy was 6%. All 30 Footer A 

participants, regardless of footer use, averaged a data analysis accuracy of 36%, whereas 

all 30 Footer B participants, regardless of footer use, averaged a data analysis accuracy of 

32%, In cases where respondents indicated they used the available footer, data analysis 

accuracy was 33% for Footer A participants and 40% for Footer B participants. 

An Independent Samples T-Test (see Appendix M) was used to determine whether 

moderate changes in the footer’s format, in terms of moderate differences in length and 

text color, had an impact on educators’ data analysis accuracy that was significant. This 

test compared the means of a normally distributed interval dependent variable (analysis 

accuracy) for two independent groups (respondents who received Footer A and those who 

received Footer B). As indicated in Appendix M, the significance value (Sig.) of the 

Levene’s Test for Equality of Variances statistic was 0.803. This value was greater than 

0.10, suggesting the variable groups had equal variances. In addition, the standard 

deviations (Std. Deviation) for the two groups were similar (32.618 and 33.434), 

indicating the tested variable groups had equal variances. Thus results from the Equal 

Variances Assumed (EVA) test were considered. 
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In the t-test for Equality of Means, the t statistic was 0.489, which was calculated 

as the ratio of the difference between sample means divided by standard error of the 

difference. The total number of cases in both samples minus two, which was expressed as 

degrees of freedom (DF), was 57.965. The probability from the t distribution with the 

stated degrees of freedom was indicated as 0.627 Sig. (2-tailed); this was the probability 

of garnering an absolute value that was greater than or equal to the observed t statistic, if 

the difference between the sample means was considered purely random. 

The mean difference was 4.167 and was the product of subtracting the sample 

mean for the second group (participants who received Footer A) from the sample mean 

for the first group (participants who received Footer B). The 95% Confidence Interval of 

the Difference that was used estimated the boundaries of -12.904 to 21.237, between 

which the true mean difference lay in 95% of all possible random samples of participants. 

Since the p value, or Sig. (2-tailed), was 0.627 Sig. (2-tailed) (p = 0.627) and was 

greater than 0.05, one can safely conclude the mean difference was due to chance alone. 

The manner in which a footer is framed, in terms of moderate differences in length and 

text color, does not have a significant impact on the frequency with which educators draw 

accurate conclusions concerning student achievement data. 

Q3a. Research Question Q3a was asked as follows: 

 What impact does providing a report abstract, such as a one-page reference sheet 

with report purpose and data use warnings specific to the report it accompanies, 

with a data system report have on how frequently educators draw accurate 

conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 
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 The null hypothesis was that including a report abstract with a data system report 

would not have a positive impact on the frequency with which educators drew 

accurate conclusions concerning student achievement data. 

 The alternative hypothesis was that including a report abstract with a report would 

have a positive impact on the frequency of accurate conclusions educators drew 

concerning student achievement data. 

The null hypothesis (H3a0) was rejected and the alternative hypothesis was accepted 

(H3aa) for Q3a based on the study results reported below. Including a report abstract with 

a report had a significant, positive impact on the frequency of accurate conclusions 

educators drew concerning student achievement data. 

Table 4.02 features results shows for the 60 participants who received reporting 

environments containing abstracts. These 60 participants constituted 28% of the total 

211-participant sample. These participants who had access to report abstracts indicated 

they used the abstracts 50% of the time. When these respondents had abstracts yet 

indicated they did not use the abstracts, their data analysis accuracy was 10%. All 60 

participants with abstracts, regardless of abstract use, averaged a data analysis accuracy 

of 23%. In cases where respondents indicated they used the available abstract, data 

analysis accuracy was 33%. In the 31 control group cases without any supports, which 

constituted 15% of the total 211-participant sample, data analysis accuracy was 11%. In 

terms of relative and absolute differences, educators’ data analyses were 205% more 

accurate (with a 12 percentage point difference) when an abstract was present and 300% 

more accurate (with a 22 percentage point difference) when respondents specifically 
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indicated having used the abstract (see Figure 4.01). See Figure 4.04 for a visual 

representation of the abstract’s impact on educators’ data analyses. 

 

Figure 21: Impact of Abstract 
 

An Independent Samples T-Test (see Appendix G) was used to determine whether 

the abstract’ impact on educators’ data analysis accuracy was significant. This test first 

compared the means of a normally distributed interval dependent variable (analysis 

accuracy) for two independent groups (respondents who used the abstract and those who 

did not). As indicated in Appendix G, the significance value (Sig.) of the Levene’s Test 

for Equality of Variances statistic was 0.000. This value was less than 0.10, suggesting 

the variable groups had unequal variances. Consistent with Levene’s Test, the standard 

deviations (Std. Deviation) for the two groups were significantly different (0.298 and 
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0.484), indicating the tested variable groups had unequal variances. Thus results from the 

Equal Variances Not Assumed (EVNA) test were considered. 

In the t-test for Equality of Means, the t statistic was -5.575, which was calculated 

as the ratio of the difference between sample means divided by standard error of the 

difference. The total number of cases in both samples minus two, which was expressed as 

degrees of freedom (DF), was 164.850. The probability from the t distribution with the 

stated degrees of freedom was indicated as 0.000 Sig. (2-tailed); this was the probability 

of garnering an absolute value that was greater than or equal to the observed t statistic, if 

the difference between the sample means was considered purely random. 

The mean difference was -0.268 and was the product of subtracting the sample 

mean for the second group (participants who used the abstract) from the sample mean for 

the first group (participants who did not use the abstract). The 95% Confidence Interval 

of the Difference that was used estimated the boundaries of -0.363 to -0.173, between 

which the true mean difference lay in 95% of all possible random samples of participants. 

Since the p value, or Sig. (2-tailed), was 0.000 Sig. (2-tailed) (p = 0.000) and was 

less than 0.05, one can safely conclude the mean difference was not due to chance alone. 

Accompanying a report with an abstract containing analysis guidance has a significant, 

positive impact on the frequency of accurate conclusions educators draw concerning 

student achievement data when it is used. 

An Independent Samples T-Test (see Appendix K) was also used to investigate the 

mere presence of an added abstract, regardless of whether or not participants reported 

using it. This test compared the means of a normally distributed interval dependent 

variable (analysis accuracy) for two independent groups (respondents who received the 
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abstract and those who did not). As indicated in Appendix K, the significance value (Sig.) 

of the Levene’s Test for Equality of Variances statistic was 0.000. This value was less 

than 0.10, suggesting the variable groups had unequal variances. The standard deviations 

(Std. Deviation) for the two groups were significantly different (0.318 and 0.418), 

indicating the tested variable groups had unequal variances. Thus results from the Equal 

Variances Not Assumed (EVNA) test were considered. 

In the t-test for Equality of Means, the t statistic was -2.853, which was calculated 

as the ratio of the difference between sample means divided by standard error of the 

difference. The total number of cases in both samples minus two, which was expressed as 

degrees of freedom (DF), was 312.890. The probability from the t distribution with the 

stated degrees of freedom was indicated as 0.005 Sig. (2-tailed); this was the probability 

of garnering an absolute value that was greater than or equal to the observed t statistic, if 

the difference between the sample means was considered purely random. 

The mean difference was -0.112 and was the product of subtracting the sample 

mean for the second group (participants who received the abstract) from the sample mean 

for the first group (participants who did not receiv the abstract). The 95% Confidence 

Interval of the Difference that was used estimated the boundaries of -0.189 to -0.035, 

between which the true mean difference lay in 95% of all possible random samples of 

participants. 

Since the p value, or Sig. (2-tailed), was 0.005 Sig. (2-tailed) (p = 0.005 to 0.009) 

and was less than 0.05, one can safely conclude the mean difference was not due to 

chance alone. Accompanying a report with an abstract containing analysis guidance has a 

significant, positive impact on the frequency of accurate conclusions educators draw 
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concerning student achievement data. In addition, this finding holds true whether or not 

the recipient indicates he or she uses the abstract. 

Q3b. Research Question Q3b was asked as follows: 

 What impact does the manner in which an abstract is framed, in terms of 

moderate differences in density and header color, have on its ability to impact the 

frequency with which educators draw accurate conclusions concerning student 

achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that the manner in which an abstract was framed, in 

terms of moderate differences in density and header color, would not have an 

impact on the frequency with which educators drew accurate conclusions 

concerning student achievement data. 

 The alternative hypothesis was that the manner in which an abstract was framed, 

in terms of moderate differences in density and header color, would have an 

impact on the frequency of accurate conclusions educators drew concerning 

student achievement data. 

The null hypothesis (H3b0) was accepted and the alternative hypothesis was rejected 

(H3ba) for Q3b based on the study results reported below. The manner in which an 

abstract was framed, in terms of moderate differences in density and header color, did not 

have a significant impact on the frequency with which educators drew accurate 

conclusions concerning student achievement data. This is different than saying the 

manner in which an abstract was framed did not have an impact on the frequency with 

which educators drew accurate conclusions concerning student achievement data. Rather, 
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since it is already accepted the format of such tools does matter, generally-similar yet 

slightly-dissimilar abstract formats were investigated in this study. See Chapter 3: 

Research Method: Delimitations for more details. 

Table 4.02 features results shows for the 60 participants who received reporting 

environments containing abstracts, 30 of whom constituted 14% of the total 211-

participant sample and received Abstract A, and 30 of whom constituted 14% of the total 

211-participant sample and received Abstract B. Abstract A was less dense and contained 

less information than the alternatively-framed abstracts and utilized heading color with 

meaning. Abstract B was denser and contained more information than the alternatively-

framed abstracts and did not utilize heading color with meaning. 

Participants receiving Abstract A indicated they used the abstracts 53% of the 

time, whereas participants receiving Abstract B indicated they used the abstracts 47% of 

the time. When Abstract A participants indicated they did not use the available abstracts, 

their data analysis accuracy was 11%, whereas when Abstract B participants indicated 

they did not use the available abstracts, their data analysis accuracy was 9%. All 30 

Abstract A participants, regardless of abstract use, averaged a data analysis accuracy of 

21%, whereas all 30 Abstract B participants, regardless of abstract use, averaged a data 

analysis accuracy of 24%, In cases where respondents indicated they used the available 

abstract, data analysis accuracy was 31% for Abstract A participants and 36% for 

Abstract B participants. 

An Independent Samples T-Test (see Appendix N) was used to determine whether 

moderate changes in the abstract’s format, in terms of moderate differences in density 

and header color, had an impact on educators’ data analysis accuracy that was significant. 
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This test compared the means of a normally distributed interval dependent variable 

(analysis accuracy) for two independent groups (respondents who received Abstract A 

and respondents who received Abstract B). As indicated in Appendix N, the significance 

value (Sig.) of the Levene’s Test for Equality of Variances statistic was 0.365. This value 

was greater than 0.10, suggesting the variable groups had equal variances. Consistent 

with Levene’s Test, the standard deviations (Std. Deviation) for the two groups were not 

significantly different (27.919 and 36.248), indicating the tested variable groups had 

equal variances, which was confirmed by an F-test (F = .5932, p = .1657). Thus results 

from the Equal Variances Assumed (EVA) test were considered. 

In the t-test for Equality of Means, the t statistic was -0.399, which was calculated 

as the ratio of the difference between sample means divided by standard error of the 

difference. The total number of cases in both samples minus two, which was expressed as 

degrees of freedom (DF), was 58. The probability from the t distribution with the stated 

degrees of freedom was indicated as 0.691 Sig. (2-tailed); this was the probability of 

garnering an absolute value that was greater than or equal to the observed t statistic, if the 

difference between the sample means was considered purely random. 

The mean difference was -3.333 and was the product of subtracting the sample 

mean for the second group (participants who received Abstract A) from the sample mean 

for the first group (participants who received Abstract B). The 95% Confidence Interval 

of the Difference that was used estimated the boundaries of -20.055 to 13.388, between 

which the true mean difference lay in 95% of all possible random samples of participants. 

Since the p value, or Sig. (2-tailed), was 0.691 Sig. (2-tailed) (p = 0.691) and was 

greater than 0.05, one can safely conclude the mean difference was due to chance alone. 
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The manner in which an abstract is framed, in terms of moderate differences in density 

and header color, does not have an impact on the frequency with which educators draw 

accurate conclusions concerning student achievement data. 

Q4a. Research Question Q4a was asked as follows: 

 What impact does providing an interpretation guide, such as a two-sided reference 

sheet with analysis guidance and examples specific to the report it accompanies, 

with a data system report have on how frequently educators draw accurate 

conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that including an interpretation guide with a data system 

report would not have a positive impact on the frequency with which educators 

drew accurate conclusions concerning student achievement data. 

 The alternative hypothesis was that including an interpretation guide with a report 

would have a positive impact on the frequency of accurate conclusions educators 

drew concerning student achievement data. 

The null hypothesis (H4a0) was rejected and the alternative hypothesis was accepted 

(H4aa) for Q4a based on the study results reported below. Including an interpretation 

guide with a report had a significant, positive impact on the frequency of accurate 

conclusions educators drew concerning student achievement data. 

Table 4.02 features results shows for the 60 participants who received reporting 

environments containing interpretation guides. These 60 participants constituted 28% of 

the total 211-participant sample. These participants who had access to report 

interpretation guides indicated they used the interpretation guides 52% of the time. When 
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these respondents had interpretation guides yet indicated they did not use the 

interpretation guides, their data analysis accuracy was 2%. All 60 participants with 

interpretation guides, regardless of interpretation guide use, averaged a data analysis 

accuracy of 30%. In cases where respondents indicated they used the available 

interpretation guide, data analysis accuracy was 48%. In the 31 control group cases 

without any supports, which constituted 15% of the total 211-participant sample, data 

analysis accuracy was 11%. In terms of relative and absolute differences, educators’ data 

analyses were 273% more accurate (with a 19 percentage point difference) when an 

interpretation guide was present and 436% more accurate (with a 37 percentage point 

difference) when respondents specifically indicated having used the interpretation guide 

(see Figure 4.01). See Figure 4.05 for a visual representation of the interpretation guide’s 

impact on educators’ data analyses. 

An Independent Samples T-Test (see Appendix H) was used to determine whether the 

interpretation guide’s impact on educators’ data analysis accuracy was significant. This 

test first compared the means of a normally distributed interval dependent variable 

(analysis accuracy) for two independent groups (respondents who used the interpretation 

guide and those who did not). As indicated in Appendix H, the significance value (Sig.) of 

the Levene’s Test for Equality of Variances statistic was 0.000. This value was less than 

0.10, suggesting the variable groups had unequal variances. Consistent with Levene’s 

Test, the standard deviations (Std. Deviation) for the two groups were significantly 

different (0.257 and 0.499), indicating the tested variable groups had unequal variances. 

Thus results from the Equal Variances Not Assumed (EVNA) test were considered. 
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Figure 22: Impact of Interpretation Guide 
 

In the t-test for Equality of Means, the t statistic was -10.166, which was 

calculated as the ratio of the difference between sample means divided by standard error 

of the difference. The total number of cases in both samples minus two, which was 

expressed as degrees of freedom (DF), was 157.550. The probability from the t 

distribution with the stated degrees of freedom was indicated as 0.000 Sig. (2-tailed); this 

was the probability of garnering an absolute value that was greater than or equal to the 

observed t statistic, if the difference between the sample means was considered purely 

random. 

The mean difference was -0.486 and was the product of subtracting the sample 

mean for the second group (participants who used the interpretation guide) from the 
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sample mean for the first group (participants who did not use the interpretation guide). 

The 95% Confidence Interval of the Difference that was used estimated the boundaries of 

-0.580 to -0.391, between which the true mean difference lay in 95% of all possible 

random samples of participants. 

Since the p value, or Sig. (2-tailed), was 0.000 Sig. (2-tailed) (p = 0.000) and was 

less than 0.05, one can safely conclude the mean difference was not due to chance alone. 

Accompanying a report with an interpretation guide containing analysis guidance has a 

significant, positive impact on the frequency of accurate conclusions educators draw 

concerning student achievement data when it is used. 

An Independent Samples T-Test (see Appendix L) was also used to investigate the 

mere presence of an added interpretation guide, regardless of whether or not participants 

reported using it. This test compared the means of a normally distributed interval 

dependent variable (analysis accuracy) for two independent groups (respondents who 

received the interpretation guide and those who did not). As indicated in Appendix L, the 

significance value (Sig.) of the Levene’s Test for Equality of Variances statistic was 

0.000. This value was less than 0.10, suggesting the variable groups had unequal 

variances. The standard deviations (Std. Deviation) for the two groups were significantly 

different (0.318 and 0.459), indicating the tested variable groups had unequal variances. 

Thus results from the Equal Variances Not Assumed (EVNA) test were considered. 

In the t-test for Equality of Means, the t statistic was -4.547, which was calculated 

as the ratio of the difference between sample means divided by standard error of the 

difference. The total number of cases in both samples minus two, which was expressed as 

degrees of freedom (DF), was 332.451. The probability from the t distribution with the 
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stated degrees of freedom was indicated as 0.000 Sig. (2-tailed); this was the probability 

of garnering an absolute value that was greater than or equal to the observed t statistic, if 

the difference between the sample means was considered purely random. 

The mean difference was -0.187 and was the product of subtracting the sample 

mean for the second group (participants who received an interpretation guide) from the 

sample mean for the first group (participants who did not receive an interpretation guide). 

The 95% Confidence Interval of the Difference that was used estimated the boundaries of 

-0.268 to -0.106 EVNA, between which the true mean difference lay in 95% of all 

possible random samples of participants. 

Since the p value, or Sig. (2-tailed), was 0.000 Sig. (2-tailed) (p = 0.000) and was 

less than 0.05, one can safely conclude the mean difference was not due to chance alone. 

Accompanying a report with an interpretation guide containing analysis guidance has a 

significant, positive impact on the frequency of accurate conclusions educators draw 

concerning student achievement data. In addition, this finding holds true whether or not 

the recipient indicates he or she uses the interpretation guide. 

Q4b. Research Question Q4b was asked as follows: 

 What impact does the manner in which an interpretation guide is framed, in terms 

of moderate differences in length and information quantity, have on its ability to 

impact the frequency with which educators draw accurate conclusions concerning 

student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that the manner in which an interpretation guide was 

framed, in terms of moderate differences in length and information quantity, 
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would not have an impact on the frequency with which educators drew accurate 

conclusions concerning student achievement data. 

 The alternative hypothesis was that the manner in which an interpretation guide 

was framed, in terms of moderate differences in length and information quantity, 

would have an impact on the frequency of accurate conclusions educators drew 

concerning student achievement data. 

The null hypothesis (H4b0) was accepted and the alternative hypothesis was rejected 

(H4ba) for Q4b based on the study results reported below. The manner in which an 

interpretation guide was framed, in terms of moderate differences in length and 

information quantity, did not have a significant impact on the frequency with which 

educators drew accurate conclusions concerning student achievement data. This is 

different than saying the manner in which an interpretation guide was framed did not 

have an impact on the frequency with which educators drew accurate conclusions 

concerning student achievement data. Rather, since it is already accepted the format of 

such tools does matter, generally-similar yet slightly-dissimilar interpretation guide 

formats were investigated in this study. See Chapter 3: Research Method: Delimitations 

for more details. 

Table 4.02 features results shows for the 60 participants who received reporting 

environments containing interpretation guides, 30 of whom constituted 14% of the total 

211-participant sample and received Interpretation Guide A, and 30 of whom constituted 

14% of the total 211-participant sample and received Interpretation Guide B. 

Interpretation Guide A was shorter and contained less information (two pages) than the 

alternatively-framed interpretation guides and utilized heading color with meaning. 
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Interpretation Guide B was longer and slightly wordier (three pages) than the 

alternatively-framed interpretation guides and did not utilize heading color with meaning. 

Participants receiving Interpretation Guide A indicated they used the 

interpretation guides 52% of the time, and participants receiving Interpretation Guide B 

also indicated they used the interpretation guides 52% of the time. When Interpretation 

guide A participants indicated they did not use the available interpretation guides, their 

data analysis accuracy was 0%, whereas when Interpretation Guide B participants 

indicated they did not use the available interpretation guides, their data analysis accuracy 

was 3%. All 30 Interpretation Guide A participants, regardless of interpretation guide 

use, averaged a data analysis accuracy of 32%, whereas all 30 Interpretation Guide B 

participants, regardless of interpretation guide use, averaged a data analysis accuracy of 

28%, In cases where respondents indicated they used the available interpretation guide, 

data analysis accuracy was 48% for Interpretation Guide A participants and also 48% for 

Interpretation Guide B participants. 

An Independent Samples T-Test (see Appendix O) was used to determine whether 

moderate changes in the interpretation guide’s format, in terms of moderate differences in 

length and information quantity, had an impact on educators’ data analysis accuracy that 

was significant. This test compared the means of a normally distributed interval 

dependent variable (analysis accuracy) for two independent groups (respondents who 

received Interpretation Guide A and those who received Interpretation Guide B). As 

indicated in Appendix O, the significance value (Sig.) of the Levene’s Test for Equality of 

Variances statistic was 0.147. This value was greater than 0.10, suggesting the variable 

groups had equal variances. Consistent with Levene’s Test, the standard deviations (Std. 
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Deviation) for the two groups were not significantly different (37.677 and 29.165), 

indicating the tested variable groups had equal variances, which was confirmed by an F-

test (F = 1.67, p = 0.17). Thus results from the Equal Variances Assumed (EVA) test 

were considered. 

In the t-test for Equality of Means, the t statistic was 0.383, which was calculated 

as the ratio of the difference between sample means divided by standard error of the 

difference. The total number of cases in both samples minus two, which was expressed as 

degrees of freedom (DF), was 58. The probability from the t distribution with the stated 

degrees of freedom was indicated as 0.703 Sig. (2-tailed); this was the probability of 

garnering an absolute value that was greater than or equal to the observed t statistic, if the 

difference between the sample means was considered purely random. 

The mean difference was 3.333 and was the product of subtracting the sample 

mean for the second group (participants who received Interpretation Guide A) from the 

sample mean for the first group (participants who received Interpretation Guide B). The 

95% Confidence Interval of the Difference that was used estimated the boundaries of -

14.079 to 20.746, between which the true mean difference lay in 95% of all possible 

random samples of participants. 

Since the p value, or Sig. (2-tailed), was 0.703 Sig. (2-tailed) (p = 0.703) and was 

greater than 0.05, one can safely conclude the mean difference was due to chance alone. 

The manner in which an interpretation guide is framed, in terms of moderate differences 

in length and information quantity, does not have a significant impact on the frequency 

with which educators draw accurate conclusions concerning student achievement data. 

Q5a. Research Question Q5a was asked as follows: 
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 What impact does an educator’s school site level type (i.e., elementary or 

secondary) have on the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that an educator’s school site level type (i.e., elementary 

or secondary) would have an impact on the frequency of accurate conclusions he 

or she drew concerning student achievement data. 

 The alternative hypothesis was that an educator’s school site level type (i.e., 

elementary or secondary) would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

The null hypothesis (H5a0) was rejected and the alternative hypothesis was accepted 

(H5aa) for Q5a based on the study results reported below. An educator’s school site level 

type (i.e., elementary or secondary) did not have a significant impact on the frequency of 

accurate conclusions he or she drew concerning student achievement data. 

Table 4.04 features results for all 211 study participants, disaggregated by school 

level type. 132 participants, who constituted 63% of the total 211-participant sample, 

worked at the elementary school level. The elementary school level type typically begins 

with the starting grade level of transitional kindergarten (TK), preschool or pre-

kindergarten (pre-K or PK), or kindergarten (K) and contains students up through grade 5 

or 6. 79 participants, who constituted 37% of the total 211-participant sample, worked at 

the secondary school level. The secondary school level type typically begins with grade 5 

or 6 and contains students up through grade 12. Elementary school respondents used 

supports 64% of the time, whereas secondary school respondents used supports 59% of 
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the time. All participants, regardless of whether or not they used supports, averaged 26% 

data analysis accuracy of at the elementary level and 27% data analysis accuracy of at the 

secondary level. 

A crosstabulation table with Chi-square Test (see School Level Type section of 

Appendix P) was used to examine the relationship between the independent variable of 

school level type and data analysis accuracy. This approach was also used to identify 

whether the variable had a significant impact on educators’ data analysis accuracy that 

might be of import to the study’s primary research questions. The related Count section 

of Appendix P indicates the frequency of each data analysis accuracy score for each level 

of school level type. However, from the crosstabulation table alone one cannot conclude 

whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 

could expect if the rows of school level type and columns of data analysis accuracy 

scores were unrelated. The degrees of freedom (df), was 4 for both the Pearson Chi-

Square and the Likelihood Ratio, which had a two-sided asymptotic significance, shown 

as Asymp. Sig. (2-sided), of 0.550. The two-sided asymptotic significance of the Chi-

square statistic for School Level Type was 0.538; because this is greater than 0.10 it is 

safe to conclude the differences are due to mere chance variation. This implies that each 

school level type had the same chance of obtaining each data analysis accuracy score. 

Since the Chi-square test indicated no relationship, no additional symmetric measures 

were necessary to indicate such the strength of a relationship. 
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A crosstabulation table with Chi-square Test (see School Level Type section of 

Appendix Q) was also used to examine the relationship between the independent variable 

of school level type and the educator’s likelihood of using analysis supports when they 

were available. This approach was also used to identify whether the variable had a 

significant impact on educators’ likelihood of using a support, as such information could 

have been of import to the study’s primary research questions. The related Count section 

of Appendix Q indicates the frequency with which analysis supports were used or wanted 

by respondents of each level of school level type. However, from the crosstabulation 

table alone one cannot conclude whether these differences are real or merely due to 

chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of school level type and columns of support use were unrelated. 

The degrees of freedom (df), was 2 for both the Pearson Chi-Square and the Likelihood 

Ratio, which had a two-sided asymptotic significance, shown as Asymp. Sig. (2-sided), of 

0.318. The two-sided asymptotic significance of the Chi-square statistic for School Level 

Type was 0.314; because this is greater than 0.10 it is safe to conclude the differences are 

due to mere chance variation. This implies that each school level type had the same 

chance of using an analysis support. Since the Chi-square test indicated no relationship, 

no additional symmetric measures were necessary to indicate such the strength of a 

relationship. An educator’s school site level type (i.e., elementary or secondary) does not 

have a significant impact on the frequency of accurate conclusions he or she draws 
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concerning student achievement data. In addition, school level type does not have a 

significant impact on whether or not an educator uses an analysis support. 

Q5b. Research Question Q5b was asked as follows: 

 What impact does an educator’s school site level (i.e., elementary, middle/junior 

high, or high school) have on the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that an educator’s school site level (i.e., elementary, 

middle/junior high, or high school) would have an impact on the frequency of 

accurate conclusions he or she drew concerning student achievement data. 

 The alternative hypothesis was that an educator’s school site level (i.e., 

elementary, middle/junior high, or high school) would not have an impact on the 

frequency of accurate conclusions he or she drew concerning student achievement 

data. 

The null hypothesis (H5b0) was rejected and the alternative hypothesis was accepted 

(H5ba) for Q5b based on the study results reported below. An educator’s school site level 

(i.e., elementary, middle/junior high, or high school) did not have a significant impact on 

the frequency of accurate conclusions he or she drew concerning student achievement 

data. 

Table 4.05 features results for all 211 study participants, disaggregated by school 

level. 132 participants, who constituted 63% of the total 211-participant sample, worked 

at elementary schools. Like the elementary school level type, the elementary school level 

typically begins with the starting grade level of TK, PK, or K and contains students up 
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through grade 5 or 6. 47 participants, who constituted 22% of the total 211-participant 

sample, worked at middle schools or junior high schools. The middle/junior high school 

level type typically begins with grade 5 or 6 and contains students up through grade 8. 32 

participants, who constituted 15% of the total 211-participant sample, worked at high 

schools. The high school level type typically begins with grade 9 and contains students 

up through grade 12. Elementary school respondents used supports 64% of the time, 

middle/junior high school respondents used supports 48% of the time, and high school 

respondents used supports 75% of the time. All participants, regardless of whether or not 

they used supports, averaged 26% data analysis accuracy of at the elementary school 

level, 25% data analysis accuracy of at the middle/junior high school level, and 30% data 

analysis accuracy of at the high school level. 

A crosstabulation table with Chi-square Test (see School Level section of 

Appendix P) was used to examine the relationship between the independent variable of 

school level and data analysis accuracy. This approach was also used to identify whether 

the variable had a significant impact on educators’ data analysis accuracy that might be of 

import to the study’s primary research questions. The related Count section of Appendix 

P indicates the frequency of each data analysis accuracy score for each level of school 

level. However, from the crosstabulation table alone one cannot conclude whether these 

differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 

could expect if the rows of school level and columns of data analysis accuracy scores 

were unrelated. The degrees of freedom (df), was 8 for both the Pearson Chi-Square and 
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the Likelihood Ratio, which had a two-sided asymptotic significance, shown as Asymp. 

Sig. (2-sided), of 0.730. The two-sided asymptotic significance of the Chi-square statistic 

for School Level was 0.551; because this is greater than 0.10 it is safe to conclude the 

differences are due to mere chance variation. This implies that each school level had the 

same chance of obtaining each data analysis accuracy score. Since the Chi-square test 

indicated no relationship, no additional symmetric measures were necessary to indicate 

such the strength of a relationship. 

A crosstabulation table with Chi-square Test (see School Level section of 

Appendix Q) was also used to examine the relationship between the independent variable 

of school level and the educator’s likelihood of using analysis supports when they were 

available. This approach was also used to identify whether the variable had a significant 

impact on educators’ likelihood of using a support, as such information could have been 

of import to the study’s primary research questions. The related Count section of 

Appendix Q indicates the frequency with which analysis supports were used or wanted by 

respondents of each level of school level. However, from the crosstabulation table alone 

one cannot conclude whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of school level and columns of support use were unrelated. The 

degrees of freedom (df), was 4 for both the Pearson Chi-Square and the Likelihood Ratio, 

which had a two-sided asymptotic significance, shown as Asymp. Sig. (2-sided), of 0.032. 

The two-sided asymptotic significance of the Chi-square statistic for School Level was 

0.028; because this is less than 0.10 it is safe to conclude the differences are not due to 
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mere chance variation. This implies that each school level did not have the same chance 

of using an analysis support. An educator’s school site level (i.e., elementary, 

middle/junior high, or high school) does not have a significant impact on the frequency of 

accurate conclusions he or she draws concerning student achievement data. However, 

school level has some impact on whether or not an educator uses an analysis support. 

Q5c. Research Question Q5c was asked as follows: 

 What impact does an educator’s school site academic performance, as measured 

by the 2012 Growth Academic Performance Index (API), which is the California 

state accountability measure, have on the frequency with which he or she draws 

accurate conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that an educator’s school site academic performance, as 

measured by the 2012 Growth Academic Performance Index (API), which is the 

California state accountability measure, would have an impact on the frequency of 

accurate conclusions he or she drew concerning student achievement data. 

 The alternative hypothesis was that an educator’s school site academic 

performance, as measured by the 2012 Growth Academic Performance Index 

(API), which is the California state accountability measure, would not have an 

impact on the frequency of accurate conclusions he or she drew concerning 

student achievement data. 

The null hypothesis (H5c0) was rejected and the alternative hypothesis was accepted 

(H5ca) for Q5c based on the study results reported below. An educator’s school site 

academic performance, as measured by the 2012 Growth API, which is the California 
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state accountability measure, did not have a significant impact on the frequency of 

accurate conclusions he or she drew concerning student achievement data. 

Table 4.06 features results for all 211 study participants, disaggregated by 

academic achievement of students at school sites, all of which were in California. The 

state of California’s state accountability measure, which ranges from 200-1000 and is 

also used as a factor in federal accountability, is the Growth Academic Performance 

Index (API). Nine different 2012 Growth API scores were represented, ranging from 677 

to 916, with a mean of 828. The API with the fewest participants was 916, which 

constituted 5% of the total 211-participant sample with 11 participants. The API with the 

most participants was 794, which constituted 16% of the total 211-participant sample 

with 33 participants. 

The APIs where participants used supports 75% of the time, which was the most, 

were 677 and 893. The API where participants used supports 5% of the time, which was 

the least, was 916. The API with 41% data analysis accuracy, which was the most, was 

827, whereas the API with 7% data analysis accuracy, which was the least, was 916. The 

API with participants who used supports more frequently tended to have higher data 

analysis accuracy. For example, the API with participants who used the least supports 

was also the API with the lowest data analysis accuracy. 

A crosstabulation table with Chi-square Test (see Academic Performance section 

of Appendix P) was used to examine the relationship between the independent variable of 

API and data analysis accuracy. This approach was also used to identify whether the 

variable had a significant impact on educators’ data analysis accuracy that might be of 

import to the study’s primary research questions. The related Count section of Appendix 
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P indicates the frequency of each data analysis accuracy score for each level of API. 

However, from the crosstabulation table alone one cannot conclude whether these 

differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 

could expect if the rows of API and columns of data analysis accuracy scores were 

unrelated. The degrees of freedom (df), was 32 for both the Pearson Chi-Square and the 

Likelihood Ratio, which had a two-sided asymptotic significance, shown as Asymp. Sig. 

(2-sided), of 0.136. The two-sided asymptotic significance of the Chi-square statistic for 

Academic Performance was 0.397; because this is greater than 0.10 it is safe to conclude 

the differences are due to mere chance variation. This implies that each API had the same 

chance of obtaining each data analysis accuracy score. Since the Chi-square test indicated 

no relationship, no additional symmetric measures were necessary to indicate such the 

strength of a relationship. 

A crosstabulation table with Chi-square Test (see Academic Performance section 

of Appendix Q) was also used to examine the relationship between the independent 

variable of API and the educator’s likelihood of using analysis supports when they were 

available. This approach was also used to identify whether the variable had a significant 

impact on educators’ likelihood of using a support, as such information could have been 

of import to the study’s primary research questions. The related Count section of 

Appendix Q indicates the frequency with which analysis supports were used or wanted by 

respondents of each level of API. However, from the crosstabulation table alone one 

cannot conclude whether these differences are real or merely due to chance variation. 
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Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of API and columns of support use were unrelated. The degrees 

of freedom (df), was 16 for both the Pearson Chi-Square and the Likelihood Ratio, which 

had a two-sided asymptotic significance, shown as Asymp. Sig. (2-sided), of 0.018. The 

two-sided asymptotic significance of the Chi-square statistic for Academic Performance 

was 0.034; because this is less than 0.10 it is safe to conclude the differences are not due 

to mere chance variation. This implies that respondents of each API did not have the 

same chance of using an analysis support. An educator’s school site academic 

performance, as measured by the 2012 Growth API, which is the California state 

accountability measure, does not have a significant impact on the frequency of accurate 

conclusions he or she draws concerning student achievement data. However, API has 

some impact on whether or not an educator uses an analysis support. 

Q5d. Research Question Q5d was asked as follows: 

 What impact does an educator’s school site English Learner (EL) population have 

on the frequency with which he or she draws accurate conclusions concerning 

student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that an educator’s school site English Learner (EL) 

population would have an impact on the frequency of accurate conclusions he or 

she drew concerning student achievement data. 
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 The alternative hypothesis was that an educator’s school site English Learner 

(EL) population would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

The null hypothesis (H5d0) was rejected and the alternative hypothesis was accepted 

(H5da) for Q5d based on the study results reported below. An educator’s school site EL 

population did not have a significant impact on the frequency of accurate conclusions he 

or she drew concerning student achievement data. 

Table 4.07 features results for all 211 study participants, disaggregated by percent 

of the school site’s students who are classified as English Learner (EL), sometimes also 

called English Language Learner (ELL). Nine different EL population levels were 

represented, ranging from 8% to 46%, with a mean of 29%. The EL population with the 

fewest participants was 16%, which constituted 5% of the total 211-participant sample 

with 11 participants. The EL population with the most participants was 30%, which 

constituted 16% of the total 211-participant sample with 33 participants. 

The EL populations where participants used supports 75% of the time, which was 

the most, were 8% and 38%. The EL population where participants used supports 41% of 

the time, which was the least, was 16%. The EL population with 41% data analysis 

accuracy, which was the most, was 50, whereas the EL population with 7% data analysis 

accuracy, which was the least, was 16. The EL population with participants who used 

supports more frequently tended to have higher data analysis accuracy. For example, the 

EL population with participants who used the least supports was also the EL population 

with the lowest data analysis accuracy. 
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A crosstabulation table with Chi-square Test (see English Learner Population 

section of Appendix P) was used to examine the relationship between the independent 

variable of EL population and data analysis accuracy. This approach was also used to 

identify whether the variable had a significant impact on educators’ data analysis 

accuracy that might be of import to the study’s primary research questions. The related 

Count section of Appendix P indicates the frequency of each data analysis accuracy score 

for each level of EL population. However, from the crosstabulation table alone one 

cannot conclude whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 

could expect if the rows of EL population and columns of data analysis accuracy scores 

were unrelated. The degrees of freedom (df), was 32 for both the Pearson Chi-Square and 

the Likelihood Ratio, which had a two-sided asymptotic significance, shown as Asymp. 

Sig. (2-sided), of 0.136. The two-sided asymptotic significance of the Chi-square statistic 

for English Learner Population was 0.397; because this is greater than 0.10 it is safe to 

conclude the differences are due to mere chance variation. This implies that each EL 

population had the same chance of obtaining each data analysis accuracy score. Since the 

Chi-square test indicated no relationship, no additional symmetric measures were 

necessary to indicate such the strength of a relationship. 

A crosstabulation table with Chi-square Test (see English Learner Population 

section of Appendix Q) was also used to examine the relationship between the 

independent variable of EL population and the educator’s likelihood of using analysis 

supports when they were available. This approach was also used to identify whether the 
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variable had a significant impact on educators’ likelihood of using a support, as such 

information could have been of import to the study’s primary research questions. The 

related Count section of Appendix Q indicates the frequency with which analysis supports 

were used or wanted by respondents of each level of EL population. However, from the 

crosstabulation table alone one cannot conclude whether these differences are real or 

merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of EL population and columns of support use were unrelated. 

The degrees of freedom (df), was 16 for both the Pearson Chi-Square and the Likelihood 

Ratio, which had a two-sided asymptotic significance, shown as Asymp. Sig. (2-sided), of 

0.018. The two-sided asymptotic significance of the Chi-square statistic for English 

Learner Population was 0.034; because this is less than 0.10 it is safe to conclude the 

differences are not due to mere chance variation. This implies that each EL population 

did not have the same chance of using an analysis support. An educator’s school site EL 

population does not have a significant impact on the frequency of accurate conclusions he 

or she draws concerning student achievement data. However, EL population has some 

impact on whether or not an educator uses an analysis support. 

Q5e. Research Question Q5e was asked as follows: 

 What impact does an educator’s school site Socioeconomically Disadvantaged 

population have on the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 
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 The null hypothesis was that an educator’s school site Socioeconomically 

Disadvantaged population would have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

 The alternative hypothesis was that an educator’s school site Socioeconomically 

Disadvantaged population would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

The null hypothesis (H5e0) was rejected and the alternative hypothesis was accepted 

(H5ea) for Q5e based on the study results reported below. An educator’s school site 

Socioeconomically Disadvantaged population did not have a significant impact on the 

frequency of accurate conclusions he or she drew concerning student achievement data. 

Table 4.08 features results for all 211 study participants, disaggregated by percent 

of the school site’s students who are classified as Socioeconomically Disadvantaged. 

Seven different socioeconomically disadvantaged population levels were represented, 

ranging from 22% to 78%, with a mean of 52%. The socioeconomically disadvantaged 

population with the fewest participants was 22%, which constituted 5% of the total 211-

participant sample with 11 participants. The socioeconomically disadvantaged population 

with the most participants was 61%, which constituted 27% of the total 211-participant 

sample with 57 participants. 

The socioeconomically disadvantaged population where participants used 

supports 75% of the time, which was the most, was 31%. The socioeconomically 

disadvantaged population where participants used supports 41% of the time, which was 

the least, was 22%. The socioeconomically disadvantaged population with 33% data 

analysis accuracy, which was the most, was 78%, whereas the socioeconomically 
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disadvantaged population with 7% data analysis accuracy, which was the least, was 22%. 

The socioeconomically disadvantaged population with participants who used supports 

more frequently tended to have higher data analysis accuracy. For example, the 

socioeconomically disadvantaged population with participants who used the least 

supports was also the socioeconomically disadvantaged population with the lowest data 

analysis accuracy. 

A crosstabulation table with Chi-square Test (see Socioeconomically 

Disadvantaged Population section of Appendix P) was used to examine the relationship 

between the independent variable of Socioeconomically Disadvantaged population and 

data analysis accuracy. This approach was also used to identify whether the variable had 

a significant impact on educators’ data analysis accuracy that might be of import to the 

study’s primary research questions. The related Count section of Appendix P indicates the 

frequency of each data analysis accuracy score for each level of Socioeconomically 

Disadvantaged population. However, from the crosstabulation table alone one cannot 

conclude whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 

could expect if the rows of Socioeconomically Disadvantaged population and columns of 

data analysis accuracy scores were unrelated. The degrees of freedom (df), was 24 for 

both the Pearson Chi-Square and the Likelihood Ratio, which had a two-sided asymptotic 

significance, shown as Asymp. Sig. (2-sided), of 0.140. The two-sided asymptotic 

significance of the Chi-square statistic for Socioeconomically Disadvantaged Population 

was 0.311; because this is greater than 0.10 it is safe to conclude the differences are due 



282 
 

to mere chance variation. This implies that each Socioeconomically Disadvantaged 

population had the same chance of obtaining each data analysis accuracy score. Since the 

Chi-square test indicated no relationship, no additional symmetric measures were 

necessary to indicate such the strength of a relationship. 

A crosstabulation table with Chi-square Test (see Socioeconomically 

Disadvantaged Population section of Appendix Q) was also used to examine the 

relationship between the independent variable of Socioeconomically Disadvantaged 

population and the educator’s likelihood of using analysis supports when they were 

available. This approach was also used to identify whether the variable had a significant 

impact on educators’ likelihood of using a support, as such information could have been 

of import to the study’s primary research questions. The related Count section of 

Appendix Q indicates the frequency with which analysis supports were used or wanted by 

respondents of each level of Socioeconomically Disadvantaged population. However, 

from the crosstabulation table alone one cannot conclude whether these differences are 

real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of Socioeconomically Disadvantaged population and columns of 

support use were unrelated. The degrees of freedom (df), was 12 for both the Pearson 

Chi-Square and the Likelihood Ratio, which had a two-sided asymptotic significance, 

shown as Asymp. Sig. (2-sided), of 0.055. The two-sided asymptotic significance of the 

Chi-square statistic for Socioeconomically Disadvantaged Population was 0.091; because 

this is less than 0.10 it is safe to conclude the differences are not due to mere chance 
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variation. This implies that each Socioeconomically Disadvantaged population did not 

have the same chance of using an analysis support. An educator’s school site 

Socioeconomically Disadvantaged population does not have a significant impact on the 

frequency of accurate conclusions he or she draws concerning student achievement data. 

However, Socioeconomically Disadvantaged population has some impact on whether or 

not an educator uses an analysis support. 

Q5f. Research Question Q5f was asked as follows: 

 What impact does an educators’ school site Students with Disabilities population 

have on the frequency with which he or she draws accurate conclusions 

concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that an educator’s school site Students with Disabilities 

population would have an impact on the frequency of accurate conclusions he or 

she drew concerning student achievement data. 

 The alternative hypothesis was that an educator’s school site Students with 

Disabilities population would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

The null hypothesis (H5f0) was rejected and the alternative hypothesis was accepted 

(H5fa) for Q5f based on the study results reported below. An educator’s school site 

Students with Disabilities population did not have a significant impact on the frequency 

of accurate conclusions he or she drew concerning student achievement data. 

Table 4.09 features results for all 211 study participants, disaggregated by percent 

of the school site’s students who are classified as Students with Disabilities. Seven 



284 
 

different students with disabilities population levels were represented, ranging from 5% 

to 13%, with a mean of 10%. The students with disabilities population with the fewest 

participants was 5%, which constituted 8% of the total 211-participant sample with 16 

participants. The students with disabilities population with the most participants was 9%, 

which constituted 18% of the total 211-participant sample with 38 participants. 

The students with disabilities populations where participants used supports 75% 

of the time, which was the most, were 5% and 12%. The students with disabilities 

population where participants used supports 47% of the time, which was the least, was 

11%. The students with disabilities populations with 31% data analysis accuracy, which 

was the most, were 9% and 13%, whereas the students with disabilities populations with 

18% data analysis accuracy, which was the least, were 10% and 11%. The students with 

disabilities population with participants who used supports more frequently tended to 

have higher data analysis accuracy. For example, the students with disabilities population 

with participants who used the least supports was also the students with disabilities 

population with the lowest data analysis accuracy. 

A crosstabulation table with Chi-square Test (see Students with Disabilities 

Population section of Appendix P) was used to examine the relationship between the 

independent variable of Students with Disabilities population and data analysis accuracy. 

This approach was also used to identify whether the variable had a significant impact on 

educators’ data analysis accuracy that might be of import to the study’s primary research 

questions. The related Count section of Appendix P indicates the frequency of each data 

analysis accuracy score for each level of Students with Disabilities population. However, 
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from the crosstabulation table alone one cannot conclude whether these differences are 

real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 

could expect if the rows of Students with Disabilities population and columns of data 

analysis accuracy scores were unrelated. The degrees of freedom (df), was 24 for both the 

Pearson Chi-Square and the Likelihood Ratio, which had a two-sided asymptotic 

significance, shown as Asymp. Sig. (2-sided), of 0.263. The two-sided asymptotic 

significance of the Chi-square statistic for Students with Disabilities Population was 

0.530; because this is greater than 0.10 it is safe to conclude the differences are due to 

mere chance variation. This implies that each Students with Disabilities population had 

the same chance of obtaining each data analysis accuracy score. Since the Chi-square test 

indicated no relationship, no additional symmetric measures were necessary to indicate 

such the strength of a relationship. 

A crosstabulation table with Chi-square Test (see Students with Disabilities 

Population section of Appendix Q) was also used to examine the relationship between the 

independent variable of Students with Disabilities population and the educator’s 

likelihood of using analysis supports when they were available. This approach was also 

used to identify whether the variable had a significant impact on educators’ likelihood of 

using a support, as such information could have been of import to the study’s primary 

research questions. The related Count section of Appendix Q indicates the frequency with 

which analysis supports were used or wanted by respondents of each level of Students 
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with Disabilities population. However, from the crosstabulation table alone one cannot 

conclude whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of Students with Disabilities population and columns of support 

use were unrelated. The degrees of freedom (df), was 12 for both the Pearson Chi-Square 

and the Likelihood Ratio, which had a two-sided asymptotic significance, shown as 

Asymp. Sig. (2-sided), of 0.024. The two-sided asymptotic significance of the Chi-square 

statistic for Students with Disabilities Population was 0.043; because this is less than 0.10 

it is safe to conclude the differences are not due to mere chance variation. This implies 

that each Students with Disabilities population did not have the same chance of using an 

analysis support. An educator’s school site Students with Disabilities population does not 

have a significant impact on the frequency of accurate conclusions he or she draws 

concerning student achievement data. However, Students with Disabilities population has 

some impact on whether or not an educator uses an analysis support. 

Q6a. Research Question 6a was asked as follows: 

 What impact does an educator’s veteran status have on the frequency with which 

he or she draws accurate conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that an educator’s veteran status would have an impact 

on the frequency of accurate conclusions he or she drew concerning student 

achievement data. 



287 
 

 The alternative hypothesis was that an educator’s veteran status would not have 

an impact on the frequency of accurate conclusions he or she drew concerning 

student achievement data. 

The null hypothesis (H6a0) was rejected and the alternative hypothesis was accepted 

(H6aa) for Q6a based on the study results reported below. An educator’s veteran status 

did not have a significant impact on the frequency of accurate conclusions he or she drew 

concerning student achievement data. 

Table 4.10 features results for all 211 study participants, disaggregated by veteran 

status in the form of how many years the participant had spent working as an educator, 

such as a teacher or administrator, for students under 19 years of age. Five different 

veteran statuses were represented: Less than 1 Year, Minimum of 5 Years, Minimum of 

10 Years, Minimum of 15 Years, and Minimum of 20 Years. The veteran status of Less 

than 1 Year constituted 1% of the total 211-participant sample with 2 participants. The 

veteran status of Minimum of 5 Years constituted 9% of the total 211-participant sample 

with 20 participants. The veteran status of Minimum of 10 Years constituted 16% of the 

total 211-participant sample with 33 participants The veteran status of Minimum of 15 

Years constituted 32% of the total 211-participant sample with 67 participants The 

veteran status of Minimum of 20 Years constituted 42% of the total 211-participant 

sample with 89 participants. 

Participants who had been educators for less than one year used supports 75% of 

the time and averaged a data analysis accuracy of 25%. Participants who had been 

educators for at least five years used supports 70% of the time and averaged a data 

analysis accuracy of 35%. Participants who had been educators for at least 10 years used 
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supports 67% of the time and averaged a data analysis accuracy of 32%. Participants who 

had been educators for at least 15 years used supports 63% of the time and averaged a 

data analysis accuracy of 28%. Participants who had been educators for at least 20 years 

used supports 58% of the time and averaged a data analysis accuracy of 21%. The veteran 

status with participants who used supports more frequently tended to have higher data 

analysis accuracy. For example, the veteran status with participants who used the least 

supports was also the veteran status with the lowest data analysis accuracy. 

A crosstabulation table with Chi-square Test (see Veteran Status section of 

Appendix P) was used to examine the relationship between the independent variable of 

veteran status and data analysis accuracy. This approach was also used to identify 

whether the variable had a significant impact on educators’ data analysis accuracy that 

might be of import to the study’s primary research questions. The related Count section 

of Appendix P indicates the frequency of each data analysis accuracy score for each level 

of veteran status. However, from the crosstabulation table alone one cannot conclude 

whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 

could expect if the rows of veteran status and columns of data analysis accuracy scores 

were unrelated. The degrees of freedom (df), was 16 for both the Pearson Chi-Square and 

the Likelihood Ratio, which had a two-sided asymptotic significance, shown as Asymp. 

Sig. (2-sided), of 0.291. The two-sided asymptotic significance of the Chi-square statistic 

for Veteran Status was 0.393; because this is greater than 0.10 it is safe to conclude the 

differences are due to mere chance variation. This implies that each veteran status had the 
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same chance of obtaining each data analysis accuracy score. Since the Chi-square test 

indicated no relationship, no additional symmetric measures were necessary to indicate 

such the strength of a relationship. 

A crosstabulation table with Chi-square Test (see Veteran status section of 

Appendix Q) was also used to examine the relationship between the independent variable 

of veteran status and the educator’s likelihood of using analysis supports when they were 

available. This approach was also used to identify whether the variable had a significant 

impact on educators’ likelihood of using a support, as such information could have been 

of import to the study’s primary research questions. The related Count section of 

Appendix Q indicates the frequency with which analysis supports were used or wanted by 

respondents of each level of veteran status. However, from the crosstabulation table alone 

one cannot conclude whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of veteran status and columns of support use were unrelated. The 

degrees of freedom (df), was 8 for both the Pearson Chi-Square and the Likelihood Ratio, 

which had a two-sided asymptotic significance, shown as Asymp. Sig. (2-sided), of 0.279. 

The two-sided asymptotic significance of the Chi-square statistic for Veteran status was 

0.336; because this is greater than 0.10 it is safe to conclude the differences are due to 

mere chance variation. This implies that each veteran status had the same chance of using 

an analysis support. Since the Chi-square test indicated no relationship, no additional 

symmetric measures were necessary to indicate such the strength of a relationship. An 

educator’s veteran status does not have a significant impact on the frequency of accurate 
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conclusions he or she draws concerning student achievement data. In addition, veteran 

status has no significant impact on whether or not an educator uses an analysis support. 

Q6b. Research Question 6b was asked as follows: 

 What impact does an educator’s current professional role (e.g., teacher, 

site/school administrator, etc.) have on the frequency with which he or she draws 

accurate conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that an educator’s current professional role (e.g., teacher, 

site/school administrator, etc.) would have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

 The alternative hypothesis was that an educator’s current professional role (e.g., 

teacher, site/school administrator, etc.) would not have an impact on the 

frequency of accurate conclusions he or she drew concerning student achievement 

data. 

The null hypothesis (H6b0) was rejected and the alternative hypothesis was accepted 

(H6ba) for Q6b based on the study results reported below. An educator’s current 

professional role (e.g., teacher, site/school administrator, etc.) did not have an impact on 

the frequency of accurate conclusions he or she drew concerning student achievement 

data. 

Table 4.11 features results for all 211 study participants, disaggregated by the 

educator’s current professional role. Four different professional roles were represented: 

Teacher, Colleague Coach (e.g., Teacher on Special Assignment), Site/School 

Administrator, and District Administrator. The professional role of Teacher constituted 
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94% of the total 211-participant sample with 199 participants. The professional role of 

Colleague Coach constituted 1% of the total 211-participant sample with 2 participants. 

The professional role of Site/School Administrator constituted 4% of the total 211-

participant sample with 8 participants. The professional role of District Administrator 

constituted 1% of the total 211-participant sample with 2 participants. 

Teachers used supports 63% of the time and averaged a data analysis accuracy of 

26%. Colleague coaches used supports 25% of the time and averaged a data analysis 

accuracy of 25%. Site/school administrators used supports 56% of the time and averaged 

a data analysis accuracy of 19%. District administrators used supports 100% of the time 

and averaged a data analysis accuracy of 75%. The professional role with participants 

who used supports more frequently tended to have higher data analysis accuracy. For 

example, the professional role with participants who used the most supports was also the 

professional role with the highest data analysis accuracy. 

A crosstabulation table with Chi-square Test (see Role section of Appendix P) 

was used to examine the relationship between the independent variable of role and data 

analysis accuracy. This approach was also used to identify whether the variable had a 

significant impact on educators’ data analysis accuracy that might be of import to the 

study’s primary research questions. The related Count section of Appendix P indicates the 

frequency of each data analysis accuracy score for each level of role. However, from the 

crosstabulation table alone one cannot conclude whether these differences are real or 

merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 
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could expect if the rows of role and columns of data analysis accuracy scores were 

unrelated. The degrees of freedom (df), was 12 for both the Pearson Chi-Square and the 

Likelihood Ratio, which had a two-sided asymptotic significance, shown as Asymp. Sig. 

(2-sided), of 0.417. The two-sided asymptotic significance of the Chi-square statistic for 

Role was 0.506; because this is greater than 0.10 it is safe to conclude the differences are 

due to mere chance variation. This implies that each role had the same chance of 

obtaining each data analysis accuracy score. Since the Chi-square test indicated no 

relationship, no additional symmetric measures were necessary to indicate such the 

strength of a relationship. 

A crosstabulation table with Chi-square Test (see Role section of Appendix Q) 

was also used to examine the relationship between the independent variable of role and 

the educator’s likelihood of using analysis supports when they were available. This 

approach was also used to identify whether the variable had a significant impact on 

educators’ likelihood of using a support, as such information could have been of import 

to the study’s primary research questions. The related Count section of Appendix Q 

indicates the frequency with which analysis supports were used or wanted by respondents 

of each level of role. However, from the crosstabulation table alone one cannot conclude 

whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of role and columns of support use were unrelated. The degrees 

of freedom (df), was 6 for both the Pearson Chi-Square and the Likelihood Ratio, which 

had a two-sided asymptotic significance, shown as Asymp. Sig. (2-sided), of 0.317. The 
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two-sided asymptotic significance of the Chi-square statistic for Role was 0.490; because 

this is greater than 0.10 it is safe to conclude the differences are due to mere chance 

variation. This implies that each role had the same chance of using an analysis support. 

Since the Chi-square test indicated no relationship, no additional symmetric measures 

were necessary to indicate such the strength of a relationship. An educator’s current 

professional role (e.g., teacher, site/school administrator, etc.) does not have an impact on 

the frequency of accurate conclusions he or she draws concerning student achievement 

data. In addition, role has no significant impact on whether or not an educator uses an 

analysis support. 

Q6c. Research Question 6c was asked as follows: 

 What impact does an educator’s perception of his or her own data analysis 

proficiency impact the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that an educator’s perception of his or her own data 

analysis proficiency would be related to the frequency of accurate conclusions he 

or she drew concerning student achievement data. 

 The alternative hypothesis was that an educator’s perception of his or her own 

data analysis proficiency would not be related to the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

The null hypothesis (H6c0) was rejected and the alternative hypothesis was accepted 

(H6ca) for Q6c based on the study results reported below. An educator’s perception of his 
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or her own data analysis proficiency was not related to the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

Table 4.12 features results for all 211 study participants, disaggregated by 

perception of data analysis proficiency in the form of how participants rated their 

proficiency at analyzing student performance data. Four different perceived data analysis 

proficiency levels were represented: Very Proficient, Somewhat Proficient, Not 

Proficient, and Far from Proficient. Participants who rated themselves as Very Proficient 

constituted 21% of the total 211-participant sample with 45 participants. Participants who 

rated themselves as Somewhat Proficient constituted 66% of the total 211-participant 

sample with 139 participants. Participants who rated themselves as Not Proficient 

constituted 10% of the total 211-participant sample with 22 participants. Participants who 

rated themselves as Far from Proficient constituted 2% of the total 211-participant sample 

with 5 participants. 

Participants who rated themselves as Very Proficient used supports 72% of the 

time and averaged a data analysis accuracy of 27%. Participants who rated themselves as 

Somewhat Proficient used supports 61% of the time and averaged a data analysis 

accuracy of 27%. Participants who rated themselves as Not Proficient used supports 57% 

of the time and averaged a data analysis accuracy of 23%. Participants who rated 

themselves as Far from Proficient used supports 30% of the time and averaged a data 

analysis accuracy of 10%. The perceived data analysis proficiency level with participants 

who used supports more frequently tended to have higher data analysis accuracy. For 

example, the perceived data analysis proficiency level with participants who used the 

least supports was also the perception of data analysis proficiency with the lowest data 
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analysis accuracy, and the perceived data analysis proficiency level with participants who 

used the most supports was also the perception of data analysis proficiency with the 

highest data analysis accuracy. 

A crosstabulation table with Chi-square Test (see Perceived Data Analysis 

Proficiency section of Appendix P) was used to examine the relationship between the 

independent variable of perceived data analysis proficiency and data analysis accuracy. 

This approach was also used to identify whether the variable had a significant impact on 

educators’ data analysis accuracy that might be of import to the study’s primary research 

questions. The related Count section of Appendix P indicates the frequency of each data 

analysis accuracy score for each level of perceived data analysis proficiency. However, 

from the crosstabulation table alone one cannot conclude whether these differences are 

real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 

could expect if the rows of perceived data analysis proficiency and columns of data 

analysis accuracy scores were unrelated. The degrees of freedom (df), was 12 for both the 

Pearson Chi-Square and the Likelihood Ratio, which had a two-sided asymptotic 

significance, shown as Asymp. Sig. (2-sided), of 0.901. The two-sided asymptotic 

significance of the Chi-square statistic for Perceived Data Analysis Proficiency was 

0.950; because this is greater than 0.10 it is safe to conclude the differences are due to 

mere chance variation. This implies that each perceived data analysis proficiency had the 

same chance of obtaining each data analysis accuracy score. Since the Chi-square test 
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indicated no relationship, no additional symmetric measures were necessary to indicate 

such the strength of a relationship. 

A crosstabulation table with Chi-square Test (see Perceived Data Analysis 

Proficiency section of Appendix Q) was also used to examine the relationship between 

the independent variable of perceived data analysis proficiency and the educator’s 

likelihood of using analysis supports when they were available. This approach was also 

used to identify whether the variable had a significant impact on educators’ likelihood of 

using a support, as such information could have been of import to the study’s primary 

research questions. The related Count section of Appendix Q indicates the frequency with 

which analysis supports were used or wanted by respondents of each level of perceived 

data analysis proficiency. However, from the crosstabulation table alone one cannot 

conclude whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of perceived data analysis proficiency and columns of support 

use were unrelated. The degrees of freedom (df), was 6 for both the Pearson Chi-Square 

and the Likelihood Ratio, which had a two-sided asymptotic significance, shown as 

Asymp. Sig. (2-sided), of 0.274. The two-sided asymptotic significance of the Chi-square 

statistic for Perceived Data Analysis Proficiency was 0.231; because this is greater than 

0.10 it is safe to conclude the differences are due to mere chance variation. This implies 

that each perceived data analysis proficiency had the same chance of using an analysis 

support. Since the Chi-square test indicated no relationship, no additional symmetric 

measures were necessary to indicate such the strength of a relationship. An educator’s 
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perception of his or her own data analysis proficiency is not related to the frequency of 

accurate conclusions he or she draws concerning student achievement data. In addition, 

perceived data analysis proficiency has no significant impact on whether or not an 

educator uses an analysis support. 

Q6d. Research Question 6d was asked as follows: 

 What impact does an educator’s professional development over the past year, 

devoted specifically to how to analyze student data, have on the frequency with 

which he or she draws accurate conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that an educator’s professional development over the past 

year, devoted specifically to how to analyze student data, would have an impact 

on the frequency of accurate conclusions he or she drew concerning student 

achievement data. 

 The alternative hypothesis was that an educator’s professional development over 

the past year, devoted specifically to how to analyze student data, would not have 

an impact on the frequency of accurate conclusions he or she drew concerning 

student achievement data. 

The null hypothesis (H6d0) was rejected and the alternative hypothesis was accepted 

(H6da) for Q6d based on the study results reported below. An educator’s professional 

development over the past year, devoted specifically to how to analyze student data, did 

not have an impact on the frequency of accurate conclusions he or she drew concerning 

student achievement data. 
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Table 4.13 features results for all 211 study participants, disaggregated by data 

analysis professional development in the form of how many hours of PD the participant 

had taken part in within the past 12 months that specifically focused on learning how to 

correctly interpret student data. The related survey question respondents answered noted  

lots of professional development happens at school sites – for example, demonstrations to 

accompany textbook adoptions, meetings with colleagues to share differentiation 

strategies, training on how to use new software, etc. – yet only some professional 

development specifically focuses on how to analyze student data.  Different amounts of 

data analysis professional development were represented: 0 Hours, Minimum of 1 Hour, 

Minimum of 2 Hours, Minimum of 5 Hours, and Minimum of 8 Hours. Participants who 

had undergone 0 Hours of data analysis PD in the last year constituted 41% of the total 

211-participant sample with 87 participants. Participants who had undergone Minimum 

of 1 Hour of data analysis PD in the last year constituted 23% of the total 211-participant 

sample with 48 participants. Participants who had undergone Minimum of 2 Hours of 

data analysis PD in the last year constituted 18% of the total 211-participant sample with 

39 participants. Participants who had undergone Minimum of 5 Hours of data analysis 

PD in the last year constituted 9% of the total 211-participant sample with 19 

participants. Participants who had undergone Minimum of 8 Hours of data analysis PD in 

the last year constituted 9% of the total 211-participant sample with 18 participants. 

Participants who had undergone 0 Hours of data analysis PD used supports 58% 

of the time and averaged a data analysis accuracy of 23%. Participants who had 

undergone Minimum of 1 Hour of data analysis PD used supports 63% of the time and 

averaged a data analysis accuracy of 26%. Participants who had undergone Minimum of 
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2 Hours of data analysis PD used supports 72% of the time and averaged a data analysis 

accuracy of 30%. Participants who had undergone Minimum of 5 Hours of data analysis 

PD used supports 71% of the time and averaged a data analysis accuracy of 22%. 

Participants who had undergone Minimum of 8 Hours of data analysis PD used supports 

53% of the time and averaged a data analysis accuracy of 36%. 

A crosstabulation table with Chi-square Test (see Professional Development (PD) 

section of Appendix P) was used to examine the relationship between the independent 

variable of PD and data analysis accuracy. This approach was also used to identify 

whether the variable had a significant impact on educators’ data analysis accuracy that 

might be of import to the study’s primary research questions. The related Count section 

of Appendix P indicates the frequency of each data analysis accuracy score for each level 

of PD. However, from the crosstabulation table alone one cannot conclude whether these 

differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 

could expect if the rows of PD and columns of data analysis accuracy scores were 

unrelated. The degrees of freedom (df), was 16 for both the Pearson Chi-Square and the 

Likelihood Ratio, which had a two-sided asymptotic significance, shown as Asymp. Sig. 

(2-sided), of 0.754. The two-sided asymptotic significance of the Chi-square statistic for 

Professional Development (PD) was 0.713; because this is greater than 0.10 it is safe to 

conclude the differences are due to mere chance variation. This implies that each PD had 

the same chance of obtaining each data analysis accuracy score. Since the Chi-square test 
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indicated no relationship, no additional symmetric measures were necessary to indicate 

such the strength of a relationship. 

A crosstabulation table with Chi-square Test (see Professional Development (PD) 

section of Appendix Q) was also used to examine the relationship between the 

independent variable of PD and the educator’s likelihood of using analysis supports when 

they were available. This approach was also used to identify whether the variable had a 

significant impact on educators’ likelihood of using a support, as such information could 

have been of import to the study’s primary research questions. The related Count section 

of Appendix Q indicates the frequency with which analysis supports were used or wanted 

by respondents of each level of PD. However, from the crosstabulation table alone one 

cannot conclude whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of PD and columns of support use were unrelated. The degrees 

of freedom (df), was 8 for both the Pearson Chi-Square and the Likelihood Ratio, which 

had a two-sided asymptotic significance, shown as Asymp. Sig. (2-sided), of 0.149. The 

two-sided asymptotic significance of the Chi-square statistic for Professional 

Development (PD) was 0.185; because this is greater than 0.10 it is safe to conclude the 

differences are due to mere chance variation. This implies that each PD had the same 

chance of using an analysis support. Since the Chi-square test indicated no relationship, 

no additional symmetric measures were necessary to indicate such the strength of a 

relationship. An educator’s professional development over the past year, devoted 

specifically to how to analyze student data, does not have an impact on the frequency of 
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accurate conclusions he or she draws concerning student achievement data. In addition, 

PD has no significant impact on whether or not an educator uses an analysis support. 

Q6e. Research Question 6e was asked as follows: 

 What impact does the number of graduate-level educational measurement courses 

an educator has taken have on the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

The null and alternative hypotheses for this question were, respectively: 

 The null hypothesis was that an educator’s number of graduate-level educational 

measurement courses would have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

 The alternative hypothesis was that an educator’s number of graduate-level 

educational measurement courses would not have an impact on the frequency of 

accurate conclusions he or she drew concerning student achievement data. 

The null hypothesis (H6e0) was rejected and the alternative hypothesis was accepted 

(H6ea) for Q6e based on the study results reported below. An educator’s number of 

graduate-level educational measurement courses did not have an impact on the frequency 

of accurate conclusions he or she drew concerning student achievement data. 

Table 4.14 features results for all 211 study participants, disaggregated by 

educational measurement course number in the form of how many graduate-level courses 

the participant had taken that were specifically dedicated to educational measurement. 

The related survey question respondents answered noted educational measurement refers 

to the analysis of student assessment data to draw conclusions about abilities, and 

graduate-level courses specifically dedicated to educational measurement might include 
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such topics as student performance data analysis, measurement theory, or psychometrics. 

Five different educational measurement course numbers were represented: 0 Courses, 

Minimum of Course, Minimum of 2 Courses, Minimum of 3 Courses, and Minimum of 4 

Courses. Participants who had taken 0 educational measurement courses constituted 47% 

of the total 211-participant sample with 100 participants. Participants who had taken at 

least 1 educational measurement course constituted 24% of the total 211-participant 

sample with 51 participants. Participants who had taken at least 2 educational 

measurement courses constituted 17% of the total 211-participant sample with 35 

participants. Participants who had taken at least 3 educational measurement courses 

constituted 5% of the total 211-participant sample with 11 participants. Participants who 

had taken at least 4 educational measurement courses constituted 7% of the total 211-

participant sample with 14 participants. 

Participants who had taken 0 educational measurement courses used supports 

55% of the time and averaged a data analysis accuracy of 23%. Participants who had 

taken at least 1 educational measurement course used supports 70% of the time and 

averaged a data analysis accuracy of 30%. Participants who had taken at least 2 

educational measurement courses used supports 73% of the time and averaged a data 

analysis accuracy of 29%. Participants who had taken at least 3 educational measurement 

courses used supports 64% of the time and averaged a data analysis accuracy of 25%. 

Participants who had taken at least 4 educational measurement courses used supports 

61% of the time and averaged a data analysis accuracy of 27%. The educational 

measurement course number with participants who used supports more frequently tended 

to have higher data analysis accuracy. For example, the educational measurement course 
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number with participants who used the least supports was also the educational 

measurement course number with the lowest data analysis accuracy. 

A crosstabulation table with Chi-square Test (see Graduate Educational 

Measurement Courses section of Appendix P) was used to examine the relationship 

between the independent variable of graduate educational measurement courses and data 

analysis accuracy. This approach was also used to identify whether the variable had a 

significant impact on educators’ data analysis accuracy that might be of import to the 

study’s primary research questions. The related Count section of Appendix P indicates the 

frequency of each data analysis accuracy score for each level of graduate educational 

measurement courses. However, from the crosstabulation table alone one cannot 

conclude whether these differences are real or merely due to chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix P and what one 

could expect if the rows of graduate educational measurement courses and columns of 

data analysis accuracy scores were unrelated. The degrees of freedom (df), was 16 for 

both the Pearson Chi-Square and the Likelihood Ratio, which had a two-sided asymptotic 

significance, shown as Asymp. Sig. (2-sided), of 0.548. The two-sided asymptotic 

significance of the Chi-square statistic for Graduate Educational Measurement Courses 

was 0.677; because this is greater than 0.10 it is safe to conclude the differences are due 

to mere chance variation. This implies that each graduate educational measurement 

courses had the same chance of obtaining each data analysis accuracy score. Since the 

Chi-square test indicated no relationship, no additional symmetric measures were 

necessary to indicate such the strength of a relationship. 
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A crosstabulation table with Chi-square Test (see Graduate Educational 

Measurement Courses section of Appendix Q) was also used to examine the relationship 

between the independent variable of graduate educational measurement courses and the 

educator’s likelihood of using analysis supports when they were available. This approach 

was also used to identify whether the variable had a significant impact on educators’ 

likelihood of using a support, as such information could have been of import to the 

study’s primary research questions. The related Count section of Appendix Q indicates 

the frequency with which analysis supports were used or wanted by respondents of each 

level of graduate educational measurement courses. However, from the crosstabulation 

table alone one cannot conclude whether these differences are real or merely due to 

chance variation. 

Thus the Pearson Chi-square test was conducted to measure the discrepancy 

between the cell counts shown in the related Count section of Appendix Q and what one 

could expect if the rows of graduate educational measurement courses and columns of 

support use were unrelated. The degrees of freedom (df), was 8 for both the Pearson Chi-

Square and the Likelihood Ratio, which had a two-sided asymptotic significance, shown 

as Asymp. Sig. (2-sided), of 0.336. The two-sided asymptotic significance of the Chi-

square statistic for Graduate Educational Measurement Courses was 0.338; because this 

is greater than 0.10 it is safe to conclude the differences are due to mere chance variation. 

This implies that each graduate educational measurement courses had the same chance of 

using an analysis support. Since the Chi-square test indicated no relationship, no 

additional symmetric measures were necessary to indicate such the strength of a 

relationship. An educator’s number of graduate-level educational measurement courses 
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does not have an impact on the frequency of accurate conclusions he or she draws 

concerning student achievement data. In addition, graduate educational measurement 

courses has no significant impact on whether or not an educator uses an analysis support. 

Evaluation of Findings 

All supports used in the study – footers, abstracts, and interpretation guides – had 

a significant, positive impact on the participating educators’ data analysis accuracy. This 

resulted in acceptance of the alternative hypotheses for primary Research Questions Q1, 

Q2a, Q3a, and Q4a. Specifically, in terms of relative and absolute differences, educators’ 

data analyses were: 

 264% more accurate (with an 18 percentage point difference) when any one of the 

three supports was present and 355% more accurate (with a 28 percentage point 

difference) when respondents specifically indicated having used the support, 

 307% more accurate (with a 23 percentage point difference) when a footer was 

present and 336% more accurate (with a 26 percentage point difference) when 

respondents specifically indicated having used the footer, 

 205% more accurate (with a 12 percentage point difference) when an abstract was 

present and 300% more accurate (with a 22 percentage point difference) when 

respondents specifically indicated having used the abstract, and 

 273% more accurate (with a 19 percentage point difference) when an 

interpretation guide was present and 436% more accurate (with a 37 percentage 

point difference) when respondents specifically indicated having used the 

interpretation guide. 
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The results were expected to be positive when supports were used given 

previously-existing literature recommending the presence of footers, abstracts, and 

interpretation guides. However, some literature suggested the supports would not be 

utilized and would be rendered ineffective. Not only did the supports prove to have a 

significant, positive impact on data analysis accuracy, but the substantial rate at which 

they were utilized rendered their value significant for all educators as a whole, even when 

respondents’ use of the supports was not considered. Nonetheless, respondents’ data 

analyses were even higher when they indicated having used the available support. 

The minor modifications in support format, mainly in terms of length and color 

usage, had no significant impact on the participating educators’ data analysis accuracy. 

This resulted in acceptance of the null hypotheses for primary Research Questions Q2b, 

Q3b, and Q4b. These results were somewhat unexpected given literature on behavioral 

economics, particularly in the area of framing, and literature on report and documentation 

design. However, it is important to note all support format variations used in the study 

subscribed to best practices recommended in literature on report and documentation 

design. Thus the variations were minor and designed to garner more specificity in these 

best practices. It was thus concluded such minor variations are also minor in their impact 

on educators’ data analyses. 

Additional, secondary research questions were used to add insight to the primary 

research questions. Findings in relation to these questions determined that educators’ 

school site demographics had no significant impact on their data analysis accuracy that 

might impact the primary research questions. In other words, an educator’s school level 

type, school level, academic performance, EL population, Socioeconomically 
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Disadvantaged population, or Students with Disabilities population had no significant 

impact on data analysis accuracy. This resulted in acceptance of the alternative 

hypotheses for secondary Research Questions Q5a, Q5b, Q5c, Q5d, Q5e, and Q5f. These 

results were expected given the lack of literature indicating the impact of such school site 

demographic variables. These variables were examined, nonetheless, given common-yet-

unsubstantiated theories they are of import to data analyses and thus to support use and 

effectiveness. 

Likewise, findings in relation to the secondary questions determined that 

educators’ demographics had no significant impact on their data analysis accuracy that 

might impact the primary research questions. In other words, an educator’s veteran status, 

current professional role, perception of his or her own data analysis proficiency, data 

analysis PD time, and number of graduate-level educational measurement courses had no 

significant impact on data analysis accuracy. This resulted in acceptance of the 

alternative hypotheses for secondary Research Questions Q6a, Q6b, Q6c, Q6d, and Q6e. 

These results were expected given the lack of literature indicating the impact of such 

educator demographic variables. These variables were examined, nonetheless, given 

common-yet-unsubstantiated theories they are of import to data analyses and thus to 

support use and effectiveness. 

Summary 

Data-informed decisions can improve learning (Sabbah, 2011; Underwood, 

Zapata-Rivera, & VanWinkle, 2010; Wohlstetter, Datnow, & Park, 2008), yet this 

requires decisions to be data-informed rather than data-misinformed. Unfortunately, there 

is clear evidence many users of data system reports have trouble understanding the data 
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(Hattie, 2010; National Research Council, 2001; Wayman et al., 2010; Zwick et al., 

2008). For example, in a national study of districts known for strong data use, teachers 

only correctly interpreted 48% of data (U.S. Department of Education Office of Planning, 

Evaluation and Policy Development [USDEOPEPD], 2009). Even district-level educators 

find student data system reports to be complex, hard to read, and even harder to interpret 

(Underwood, Zapata-Rivera, & VanWinkle, 2010). Yet labeling and tools within data 

systems to assist analysis are uncommon (USDEOPEPD, 2009).  

The Over-the-Counter Data’s Impact on Educators’ Data Analysis Accuracy 

study was used to determine the degree to which three forms of data system-embedded 

data analysis support can improve the accuracy of educators’ data analyses: 

 (a) labeling in the form of brief, cautionary verbiage in report footers; and 

 (b) supplemental documentation in the form of report abstracts and 

 (c) interpretation guides. 

All supports used in the study had a significant, positive impact on the participating 

educators’ data analysis accuracy, and this relationship held true even when recipients did 

not indicate they used the supports. 

Although two differently-framed forms of each of these supports was tested, there 

was no significant difference in data analysis accuracy rendered. However, the framing 

differences were slight and thus this finding should not be mistaken as an indication that 

framing does not matter. The impact of educators’ school site demographics and personal 

demographics was also explored in relation to secondary research questions in the event 

they proved to have a significant impact on data analysis accuracy that should be 

considered. However, none of these variables had a significant impact on the accuracy of 
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participants’ data analyses. Thus the findings concerning the effectiveness of report 

footers, abstracts, and interpretation guides apply equally to educators of varied 

demographics and varied school site demographics. 
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Chapter 5: Implications, Recommendations, and Conclusions 

Before the Over-the-Counter Data’s Impact on Educators’ Data Analysis 

Accuracy study, it was undecided whether adding specific over-the-counter data supports 

to data systems can reduce the number of analysis errors, and to what degree. Educators 

worldwide test students, distribute score reports, and expect stakeholders to make 

improvements based on these reports (Hattie & Brown, 2008). Most educators have 

access to data systems to generate and analyze score reports (Aarons, 2009; Herbert, 

2011). Yet educators do not use this data correctly, and there is clear evidence many 

users of data system reports have trouble understanding the data (Hattie, 2010; National 

Research Council, 2001; Wayman et al., 2010; Zwick et al., 2008). 

Data use impacts students, and misunderstandings when using data systems can 

cripple data use in school districts (Wayman, Cho, & Shaw, 2009). Despite this, labeling 

and tools within data systems to assist analysis are uncommon (USDEOPEPD, 2009). 

There is a clear need for research identifying how reports can better facilitate correct 

interpretations by its users (Goodman & Hambleton, 2004; Hattie, 2010). 

The Over-the-Counter Data’s Impact on Educators’ Data Analysis Accuracy 

study rendered findings that data system-embedded data analysis support in the forms of 

footers, abstracts, and interpretation guides all have a positive, significant impact on the 

accuracy of educators’ data analyses. The experimental quantitative study was used to 

measure educators’ data analysis accuracy when using typical data system reports, which 

do not contain analysis guidance on the reports or by way of supplemental 

documentation. Results from that control group were compared to those of educators 

analyzing data in reports containing analysis guidance in the form of (a) labeling directly 
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on the report through a footer, or in the form of (b) supplemental documentation through 

an abstract or (c) interpretation guide. The research design also allowed for framing 

influences by presenting each of the three data analysis supports (a-c) in two moderately-

different formats. This allowed the study to measure not only whether – and to what 

extent – each analysis support can increase analysis accuracy, but also the more effective 

way in which to frame each support. The impact of these moderate format changes were 

found to be insignificant. 

The study dealt exclusively with educators and their use of data system reports 

and resources in an isolated setting. Thus, to maintain external validity, study findings 

may not be applied to inferences concerning non-educators, such as parents, students, or 

politicians. Likewise, in consideration of the potential impact of interaction of setting and 

treatment, no generalizations of data analyses may be made of analysis environments that 

are not report-based, such as data analyses made based on data group discussions or 

based on an explanation heard by a data coach. 

Deliberate measures were taken to ensure the study adhered to ethical practices, 

such as protection from harm, informed consent, right to privacy, and honesty with 

professional colleagues. The researcher took key steps at each stage of the doctoral 

process to apply the care and integrity needed to meet the ethical standards of scientific 

research. These steps encompassed considerations such as preventing plagiarism; risk 

assessment; informed consent; privacy, confidentiality, and data handling; protecting the 

integrity of results reporting and its ability to be applied to real world practice; 

overcoming threats to construct, external, and internal validity; awareness of procedures 

for mistakes and negligence, and piori IRB approval. 
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This chapter contains implications of the study’s findings, which are organized 

around the study’s research questions. Next the chapter contains recommendations for 

practical applications of the study findings, as well as recommendations for future 

research. The chapter’s key implications and recommendations are then summarized. 

Implications 

In this section the results communicated in Chapter 4: Findings are explained in 

terms of their implications. When this section contains reference to: 

 supports, it is referring to (a) any support, combining the supports that follow as 

b-d; (b) footer; (c) abstract; or (d) interpretation guide. 

 support use, it is referring to instances in which respondents indicated they (a) 

used the available support or (b) would have used a support, as was a response 

option for control group participants who did not receive any supports. Note the 

support use refers to a percent of instances and not a percent of participants, as a 

single respondent might have used supports in only a portion of the instances to 

which he or she was exposed to the support, such as using the footer on Report 1 

but not the footer on Report 2. 

 data analysis accuracy, it is referring to the mean value of participants’ percent 

correct scores earned when answering Questions 4-7 measuring data analysis 

accuracy. 

The results featured in Tables 4.01-4.14, which are organized around the study’s research 

questions, can serve as helpful references while reading about the results’ implications. 

Research Questions were comprised of Q1-Q3b, which constituted the study’s seven 

primary research questions, and Q4a-Q6e, which constituted the study’s 11 secondary 
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research questions serving the sole role of informing implications addressed by the 

primary research questions. 

Research Questions Q1, Q2a, Q3a, and Q4a. Research Questions Q1, Q2a, 

Q3a, and Q4a were all answered with significant findings concerning the value of the 

varied supports they concerned. In summary, these questions and their accepted 

hypotheses are featured below with question-specific implications, followed by 

implications that relate to all four research questions. 

Q1. Research Question Q1 was asked as follows: 

 What impact does data analysis guidance accompanying a data system report in 

the form of footer, abstract, or interpretation guide have on how frequently 

educators draw accurate conclusions concerning student achievement data? 

The null hypothesis (H10) was rejected and the following alternative hypothesis was 

accepted (H1a) for Q1 based on the significant findings reported in Chapter 4: Findings: 

 The alternative hypothesis was that accompanying a report with a support 

containing analysis guidance in the form of footer, abstract, or interpretation 

guide would have a positive impact on the frequency of accurate conclusions 

educators drew concerning student achievement data. 

In terms of relative and absolute differences, educators’ data analyses were 264% more 

accurate (with an 18 percentage point difference) when any one of the three supports was 

present and 355% more accurate (with a 28 percentage point difference) when 

respondents specifically indicated having used the support. These findings imply there 

are direct benefits to educators’ data use when a data system and its reports embed any 
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one of the three data analysis supports investigated in this study. More implications will 

be explained later in this Research Questions Q1, Q2a, Q3a, and Q4a section. 

Q2a. Research Question Q2a was asked as follows: 

 What impact does a footer with analysis guidelines on a data system report have 

on how frequently educators draw accurate conclusions concerning student 

achievement data? 

The null hypothesis (H2a0) was rejected and the following alternative hypothesis was 

accepted (H2aa) for Q2a based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that accompanying a report with a supportive 

footer would have a positive impact on the frequency of accurate conclusions 

educators drew concerning student achievement data. 

In terms of relative and absolute differences, educators’ data analyses were 307% more 

accurate (with a 23 percentage point difference) when a footer was present and 336% 

more accurate (with a 26 percentage point difference) when respondents specifically 

indicated having used the footer. These findings imply there are direct benefits to 

educators’ data use when data reports include a footer offering data analysis support. 

More implications will be explained later in this Research Questions Q1, Q2a, Q3a, and 

Q4a section. 

Q3a. Research Question Q3a was asked as follows: 

 What impact does providing a report abstract, such as a one-page reference sheet 

with report purpose and data use warnings specific to the report it accompanies, 
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with a data system report have on how frequently educators draw accurate 

conclusions concerning student achievement data? 

The null hypothesis (H3a0) was rejected and the following alternative hypothesis was 

accepted (H3aa) for Q3a based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that including a report abstract with a report would 

have a positive impact on the frequency of accurate conclusions educators drew 

concerning student achievement data. 

In terms of relative and absolute differences, educators’ data analyses were 205% more 

accurate (with a 12 percentage point difference) when an abstract was present and 300% 

more accurate (with a 22 percentage point difference) when respondents specifically 

indicated having used the abstract. These findings imply there are direct benefits to 

educators’ data use when data systems offer report-specific abstracts offering data 

analysis support. More implications will be explained later in this Research Questions 

Q1, Q2a, Q3a, and Q4a section. 

Q4a. Research Question Q4a was asked as follows: 

 What impact does providing an interpretation guide, such as a two-sided reference 

sheet with analysis guidance and examples specific to the report it accompanies, 

with a data system report have on how frequently educators draw accurate 

conclusions concerning student achievement data? 

The null hypothesis (H4a0) was rejected and the following alternative hypothesis was 

accepted (H4aa) for Q4a based on the significant findings reported in Chapter 4: 

Findings: 
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 The alternative hypothesis was that including an interpretation guide with a report 

would have a positive impact on the frequency of accurate conclusions educators 

drew concerning student achievement data. 

In terms of relative and absolute differences, educators’ data analyses were 273% more 

accurate (with a 19 percentage point difference) when an interpretation guide was present 

and 436% more accurate (with a 37 percentage point difference) when respondents 

specifically indicated having used the interpretation guide. These findings imply there are 

direct benefits to educators’ data use when data systems offer report-specific 

interpretation guides offering data analysis support. More implications will be explained 

below. 

Educators want data system/report-embedded supports. 87% of control group 

participants, who did not receive any supports, indicated they would have used the added 

support if they had it in the form of a footer, abstract, or interpretation guide (see Table 

4.02). This finding supported experts’ assertions that educators desire more data analysis 

support from their data systems and its reports. For example, teachers expressed a need 

for easier ways to use data, are overwhelmed by data, and have to work longer hours to 

use data (Wayman et al., 2010). Because of the now-proven support footers, abstracts, 

and interpretation guides provide, it has been shown these resources can help to fulfill the 

need educators’ expressed. The implication that educators want data system/report-

embedded data analysis supports was further substantiated by the results for the 180 

participants who received reporting environments containing supports, as these 

participants who had access to report supports indicated they used the supports 58% of 

the time (see Table 4.02). 
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Educators struggle with data analyses. Control group participants, who received 

no added supports, averaged a data analysis accuracy of 11% correct, which was grossly 

below the scores of educators in supported environments noted earlier. This finding 

supports field literature assertions that educators using typical data system reports 

struggle to make accurate data analyses. For example, many teachers and administrators 

do not know fundamental analysis concepts, and educators are not skilled at using data 

daily to improve student learning, which is a needed skill in educator professions (Zwick 

et al., 2008). Not all educators have the skills needed to successfully use data to inform 

decisions, and having data does not mean it will be used properly (Marsh et al., 2006). 

Few educators automatically know how to use available data effectively (DQC, 2009). 

Many educators experience difficulties just trying to understand the data they are 

analyzing (Goodman & Hambleton, 2004; Hambleton, 2002; Hattie, 2010; NRC, 2001). 

For example, teachers have difficulty using data systems to interpret student data, even 

amongst teachers who serve as assessment coaches to their peers (Underwood et al., 

2008). The problem is not restricted to teachers. Stakeholders at all levels have trouble 

interpreting data, such as principals who are intimidated by data and need training, and 

teacher coaches who are not tech-savvy and have trouble sharing assessments and data 

system knowledge with teachers (Underwood et al., 2008). State-level stakeholders are 

also at varying stages of being able to actually analyze the data that data systems display 

(Minnici & Hill, 2007). Even at the state level, stakeholders are not using student data 

effectively (Halpin & Cauthen, 2011). 

Although the three supports investigated in this study increased educators’ data 

analysis accuracy by 205%-307% when they were merely present, and by even more – 
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300%-436% – when participants specifically indicated they used them (see Figure 4.01), 

no single support resulted in 100% data analysis accuracy for all users. The average data 

analysis accuracy only rose to up to 48% correct (see Table 4.02). See Chapter 5: 

Implications, Recommendations, and Conclusions: Recommendations: All three supports 

simultaneously for related recommendations. 

Support benefits persist regardless of report or question type. Table 4.03 features 

results by data analysis question on the survey in order to address any questions about 

whether there was an imbalance in the questions used to measure the data analysis 

accuracy pertinent to all of the study’s research questions, particularly Q1, Q2a, Q3a, and 

Q4a. As Table 4.03 shows, there was little difference between participants’ data analysis 

accuracy on each question and on each support: 

 Participants’ data analysis accuracy was 29% on Question 4 and 28% on Question 

5, with an average data analysis accuracy of 28% for Report 1 questions. 

 Participants’ data analysis accuracy was 21% on Question 6 and 27% on Question 

7, with an average data analysis accuracy of 24% for Report2 questions. 

Disaggregating results by question and report was important in order to determine 

if there were any report-type or question-type limitations to the data analysis accuracy 

impact measured in relation to all of the study’s research questions, particularly Q1, Q2a, 

Q3a, and Q4a. Report differences, to which all 211 participants were exposed, included: 

 Report 1 was graphical in format, whereas Report 2 was tabular in format. 

 Report 1 utilized the use of a key/legend to answer analysis questions, whereas 

Report 2 did not. 
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 Color was vital to the understanding of Report 1 data, whereas color was not 

pertinent to the analysis of Report 2 data.  

 Report 1 related to an assessment considered higher stakes than the Report 2 

assessment. 

 Report 1 presented aggregate data in the form of site and state averages, whereas 

Report 2 presented student-level data. 

Question differences, to which all 211 participants were exposed, included: 

 Questions 4-5 analyses required more steps than Questions 6-7 analyses, 

presenting varied levels of critical thinking and difficulty. 

 Questions 4-5 each required the selection of only one of the multiple-choice 

answer options, whereas Questions 6-7 each required the selection of one or more 

of the multiple-choice answer options, with the correct number of selections that 

must be made left as undefined for respondents as the correct answers. 

While this variety resulted in increased triangulation for the study, it also contributed to 

the implication that the study’s three analysis supports proved effective when used with 

any of the report types and in answering any of the question types. This implication is 

supported by the support success findings noted earlier, combined with the fact that there 

were insignificant difference in educators’ data analysis accuracy question-to-question 

and report-to-report. For example, respondents averaged 29% data analysis accuracy on 

Question 4, 28% data analysis accuracy on Question 5, 21% data analysis accuracy on 

Question 6, and 27% data analysis accuracy on Question 7. Likewise, respondents 

averaged 28% for Report 1 questions and 24% data analysis accuracy for Report2 

questions. 



320 
 

 Data-informed decision-making and helping students. As explained in Chapter 

4: Findings: Results, all three data analysis supports used in the study were found to be 

significantly beneficial to educators’ data analyses. This finding holds implications for 

data-informed decision-making, often called data-driven decision-making, of which data 

analysis is a key step. Research review indicates using data to inform instructional 

decisions can result in greater student achievement (Lewis, Madison-Harris, Muoneke, 

Times, 2010; Wayman, 2005; Wohlstetter et al., 2008). Thus educators realize data can 

be the foundation for action toward school improvement (Sabbah, 2011; Supovtiz & 

Klein, 2003). Worldwide, nations and U.S. states use some form of national or state-wide 

testing; distribute score reports to students, parents, educators, and/or government; and 

expect stakeholders to learn from these reports and use them for data-informed decision-

making (Hattie & Brown, 2008). However, If data system users do not understand how to 

properly analyze data, data used will be used incorrectly (NFES, 2011). 

Even the name of the premise these stakeholders are employing – data-informed 

decision-making – indicates it relies on the understanding that the data is being used to 

inform decisions, not misinform them. Misunderstandings about how to use data and a 

data system can cripple data use in a school district and cause low data system use rates 

and resistance to data (Wayman et al., 2009). Conversely, if used correctly, data use can 

lead to insight into students’ abilities and to decisions to improve instruction (Underwood 

et al., 2010). Since this study resulted in confirmation that three, specific supports in data 

systems and their reports improve educators’ data analyses, it is likely these more 

accurate data analyses will result in better student-focused decisions, and thus help 

students.  
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Research Questions Q2b, Q3b, and Q4b. Research Questions Q2b, Q3b, and 

Q4b were all answered with insignificant findings concerning whether minor 

modifications in support format, mainly in terms of length and color usage, impacted 

educators’ data analysis accuracy. In summary, these questions and their accepted 

hypotheses are featured below with question-specific implications, followed by 

implications that relate to all three research questions.  

Q2b. Research Question Q2b was asked as follows: 

 What impact does the manner in which a footer is framed, in terms of moderate 

differences in length and text color, have on its ability to impact the frequency 

with which educators draw accurate conclusions concerning student achievement 

data? 

The following null hypothesis (H2b0) was accepted and the alternative hypothesis was 

rejected (H2ba) for Q2b based on the significant findings reported in Chapter 4: 

Findings: 

 The null hypothesis was that the manner in which a footer was framed, in terms of 

moderate differences in length and text color, would not have an impact on the 

frequency with which educators drew accurate conclusions concerning student 

achievement data. 

This is different than saying the manner in which a footer was framed did not have an 

impact on the frequency with which educators drew accurate conclusions concerning 

student achievement data. Rather, since it is already accepted the format of such tools 

does matter, generally-similar yet slightly-dissimilar footer formats were investigated in 

this study. See Chapter 3: Research Method: Delimitations for more details. 
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Participants receiving Footer A indicated they used the footers 75% of the time, 

whereas participants receiving Footer B indicated they used the footers 70% of the time. 

When Footer A participants indicated they did not use the available footers, their data 

analysis accuracy was 27%, whereas when Footer B participants indicated they did not 

use the available footers, their data analysis accuracy was 6%. All 30 Footer A 

participants, regardless of footer use, averaged a data analysis accuracy of 36%, whereas 

all 30 Footer B participants, regardless of footer use, averaged a data analysis accuracy of 

32%, In cases where respondents indicated they used the available footer, data analysis 

accuracy was 33% for Footer A participants and 40% for Footer B participants. 

These insignificant findings imply either of the two footer formats investigated in 

this study works equally well in improving educators’ data analysis accuracy, and 

educators were equally likely to use either of the two footer formats investigated. Since 

the two formats generally varied in size and density, they offered a window of text 

quantity that can be used as a reference for real world implementation. For example, 

Footer A was shorter and slightly less wordy (1st report footer: 39 words, 186 characters 

without spaces, 224 characters with spaces; 2nd report footer: 34 words, 156 characters 

without spaces, 228 characters with spaces) than the alternatively-framed footers and 

contained headings that utilized text color with meaning. Footer B was longer and 

slightly wordier (1st report footer: 58 words, 269 characters without spaces, 324 

characters with spaces; 2nd report footer: 42 words, 199 characters without spaces, 237 

characters with spaces) than the alternatively-framed footers and contained no headings 

or colored text. Thus study findings imply effective footers can range from 34 to 58 

words, 156 to 269 characters without spaces, and 224-324 characters with spaces, and can 
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adhere to either form of color usage or level of color usage somewhere between the two 

examples (see Appendix C). 

The implementation guideline provided above is not to be mistaken as an 

assertion this is the only effective way to provide a footer, as it is likely not. Other footer 

formats not investigated in this study might also be effective. However, research 

measuring their specific impact on educators’ data analysis accuracy would have to be 

performed in order to make such a conclusion. See Chapter 5: Implications, 

Recommendations, and Conclusions: Recommendations: Education Research Community 

for related research recommendations. 

Q3b. Research Question Q3b was asked as follows: 

 What impact does the manner in which an abstract is framed, in terms of 

moderate differences in density and header color, have on its ability to impact the 

frequency with which educators draw accurate conclusions concerning student 

achievement data? 

The following null hypothesis (H3b0) was accepted and the alternative hypothesis was 

rejected (H3ba) for Q3b based on the significant findings reported in Chapter 4: 

Findings: 

 The null hypothesis was that the manner in which an abstract was framed, in 

terms of moderate differences in density and header color, would not have an 

impact on the frequency with which educators drew accurate conclusions 

concerning student achievement data. 

This is different than saying the manner in which an abstract was framed did not have an 

impact on the frequency with which educators drew accurate conclusions concerning 
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student achievement data. Rather, since it is already accepted the format of such tools 

does matter, generally-similar yet slightly-dissimilar abstract formats were investigated in 

this study. See Chapter 3: Research Method: Delimitations for more details. 

Participants receiving Abstract A indicated they used the abstracts 53% of the 

time, whereas participants receiving Abstract B indicated they used the abstracts 47% of 

the time. When Abstract A participants indicated they did not use the available abstracts, 

their data analysis accuracy was 11%, whereas when Abstract B participants indicated 

they did not use the available abstracts, their data analysis accuracy was 9%. All 30 

Abstract A participants, regardless of abstract use, averaged a data analysis accuracy of 

21%, whereas all 30 Abstract B participants, regardless of abstract use, averaged a data 

analysis accuracy of 24%, In cases where respondents indicated they used the available 

abstract, data analysis accuracy was 31% for Abstract A participants and 36% for 

Abstract B participants. 

These insignificant findings imply either of the two abstract formats investigated 

in this study works equally well in improving educators’ data analysis accuracy, and 

educators were equally likely to use either of the two abstract formats investigated. Since 

the two formats generally varied in density, they offered a window of text quantity that 

can be used as a reference for real world implementation. For example, Abstract A was 

less dense and contained less information than the alternatively-framed abstracts and 

utilized heading color with meaning. Abstract B was denser and contained more 

information than the alternatively-framed abstracts and did not utilize heading color with 

meaning. Thus study findings imply effective abstracts can range in density and color 

usage as somewhere between the two examples (see Appendix C). 
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The implementation guideline provided above is not to be mistaken as an 

assertion this is the only effective way to provide an abstract, as it is likely not. Other 

abstract formats not investigated in this study might also be effective. However, research 

measuring their specific impact on educators’ data analysis accuracy would have to be 

performed in order to make such a conclusion. See Chapter 5: Implications, 

Recommendations, and Conclusions: Recommendations: Education Research Community 

for related research recommendations. 

Q4b. Research Question Q4b was asked as follows: 

 What impact does the manner in which an interpretation guide is framed, in terms 

of moderate differences in length and information quantity, have on its ability to 

impact the frequency with which educators draw accurate conclusions concerning 

student achievement data? 

The following null hypothesis (H4b0) was accepted and the alternative hypothesis was 

rejected (H4ba) for Q4b based on the significant findings reported in Chapter 4: 

Findings: 

 The null hypothesis was that the manner in which an interpretation guide was 

framed, in terms of moderate differences in length and information quantity, 

would not have an impact on the frequency with which educators drew accurate 

conclusions concerning student achievement data. 

This is different than saying the manner in which an interpretation guide was framed did 

not have an impact on the frequency with which educators drew accurate conclusions 

concerning student achievement data. Rather, since it is already accepted the format of 

such tools does matter, generally-similar yet slightly-dissimilar interpretation guide 
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formats were investigated in this study. See Chapter 3: Research Method: Delimitations 

for more details. 

Participants receiving Interpretation Guide A indicated they used the 

interpretation guides 52% of the time, and participants receiving Interpretation Guide B 

also indicated they used the interpretation guides 52% of the time. When Interpretation 

guide A participants indicated they did not use the available interpretation guides, their 

data analysis accuracy was 0%, whereas when Interpretation Guide B participants 

indicated they did not use the available interpretation guides, their data analysis accuracy 

was 3%. All 30 Interpretation Guide A participants, regardless of interpretation guide 

use, averaged a data analysis accuracy of 32%, whereas all 30 Interpretation Guide B 

participants, regardless of interpretation guide use, averaged a data analysis accuracy of 

28%, In cases where respondents indicated they used the available interpretation guide, 

data analysis accuracy was 48% for Interpretation Guide A participants and also 48% for 

Interpretation Guide B participants. 

These insignificant findings imply either of the two interpretation guide formats 

investigated in this study works equally well in improving educators’ data analysis 

accuracy, and educators were equally likely to use either of the two interpretation guide 

formats investigated. Since the two formats generally varied in size and density, they 

offered a window of text quantity that can be used as a reference for real world 

implementation. For example, Interpretation Guide A was shorter and contained less 

information (two pages) than the alternatively-framed interpretation guides and utilized 

heading color with meaning. Interpretation Guide B was longer and slightly wordier 

(three pages) than the alternatively-framed interpretation guides and did not utilize 
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heading color with meaning. Thus study findings imply effective interpretation guides 

can range from two to three pages, with a similar level of density, and can adhere to 

either form of color usage or level of color usage somewhere between the two examples 

(see Appendix C). 

The implementation guideline provided above is not to be mistaken as an 

assertion this is the only effective way to provide an interpretation guide, as it is likely 

not. Other interpretation guide formats not investigated in this study might also be 

effective. However, research measuring their specific impact on educators’ data analysis 

accuracy would have to be performed in order to make such a conclusion. See Chapter 5: 

Implications, Recommendations, and Conclusions: Recommendations: Education 

Research Community for related research recommendations. 

Research Questions Q5a, Q5b, Q5c, Q5d, Q5e, and Q5f. Research Questions 

Q5a, Q5b, Q5c, Q5d, Q5e, and Q5f served the sole role of informing implications 

addressed by the primary research questions, specifically Q1, Q2a, Q3a, and Q4a. 

Research Questions Q5a, Q5b, Q5c, Q5d, Q5e, and Q5f were asked to determine if 

educators’ school site demographics played a significant role in educators’ data analysis 

accuracy, as this could impact the success of the three data analysis supports investigated 

with the primary research questions. It was found that none of the supports investigated 

with secondary Research Questions Q5a, Q5b, Q5c, Q5d, Q5e, and Q5f  had a significant 

impact on educators’ data analysis accuracy. In summary, these secondary research 

questions and their accepted hypotheses are featured below with question-specific 

implications. 

Q5a. Research Question Q5a was asked as follows: 
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 What impact does an educator’s school site level type (i.e., elementary or 

secondary) have on the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

The null hypothesis (H5a0) was rejected and the following alternative hypothesis was 

accepted (H5aa) for Q5a based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s school site level type (i.e., 

elementary or secondary) would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

Table 4.04 features results for all 211 study participants, disaggregated by school level 

type, and Chapter 4: Findings features further explanation. An educator’s school site 

level type (i.e., elementary or secondary) does not have a significant impact on the 

frequency of accurate conclusions he or she draws concerning student achievement data. 

In addition, school level type does not have a significant impact on whether or not an 

educator uses an analysis support. These findings imply the benefits of the three data 

analysis supports shown, through this study’s findings, to improve educators’ data 

analysis accuracy, are not significantly impacted by educators’ school level type. Thus 

those implementing these supports in their data systems and reports can expect similar 

success regardless of the school level types where the system and reports will be used. 

Q5b. Research Question Q5b was asked as follows: 

 What impact does an educator’s school site level (i.e., elementary, middle/junior 

high, or high school) have on the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 
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The null hypothesis (H5b0) was rejected and the following alternative hypothesis was 

accepted (H5ba) for Q5b based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s school site level (i.e., 

elementary, middle/junior high, or high school) would not have an impact on the 

frequency of accurate conclusions he or she drew concerning student achievement 

data. 

Table 4.05 features results for all 211 study participants, disaggregated by school level, 

and Chapter 4: Findings features further explanation. An educator’s school site level 

(i.e., elementary, middle/junior high, or high school) does not have a significant impact 

on the frequency of accurate conclusions he or she draws concerning student achievement 

data. However, school level has some impact on whether or not an educator uses an 

analysis support. These findings imply the benefits of the three data analysis supports 

shown, through this study’s findings, to improve educators’ data analysis accuracy, are 

not significantly impacted by educators’ school level. Thus those implementing these 

supports in their data systems and reports can expect similar success regardless of the 

school levels where the system and reports will be used. However, district 

implementation could be aided by added encouragement to use available supports. 

Q5c. Research Question Q5c was asked as follows: 

 What impact does an educator’s school site academic performance, as measured 

by the 2012 Growth Academic Performance Index (API), which is the California 

state accountability measure, have on the frequency with which he or she draws 

accurate conclusions concerning student achievement data? 
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The null hypothesis (H5c0) was rejected and the following alternative hypothesis was 

accepted (H5ca) for Q5c based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s school site academic 

performance, as measured by the 2012 Growth Academic Performance Index 

(API), which is the California state accountability measure, would not have an 

impact on the frequency of accurate conclusions he or she drew concerning 

student achievement data. 

Table 4.06 features results for all 211 study participants, disaggregated by academic 

achievement of students at school sites, and Chapter 4: Findings features further 

explanation.  An educator’s school site academic performance, as measured by the 2012 

Growth API, which is the California state accountability measure, does not have a 

significant impact on the frequency of accurate conclusions he or she draws concerning 

student achievement data. However, API has some impact on whether or not an educator 

uses an analysis support. These findings imply the benefits of the three data analysis 

supports shown, through this study’s findings, to improve educators’ data analysis 

accuracy, are not significantly impacted by educators’ school API. Thus those 

implementing these supports in their data systems and reports can expect similar success 

regardless of the school API Growth scores where the system and reports will be used. 

However, district implementation could be aided by added encouragement to use 

available supports. 

Q5d. Research Question Q5d was asked as follows: 
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 What impact does an educator’s school site English Learner (EL) population have 

on the frequency with which he or she draws accurate conclusions concerning 

student achievement data? 

The null hypothesis (H5d0) was rejected and the following alternative hypothesis was 

accepted (H5da) for Q5d based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s school site English Learner 

(EL) population would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

Table 4.07 features results for all 211 study participants, disaggregated by percent of the 

school site’s students who are classified as English Learner (EL), sometimes also called 

English Language Learner (ELL), and Chapter 4: Findings features further explanation. 

An educator’s school site EL population does not have a significant impact on the 

frequency of accurate conclusions he or she draws concerning student achievement data. 

However, EL population has some impact on whether or not an educator uses an analysis 

support. These findings imply the benefits of the three data analysis supports shown, 

through this study’s findings, to improve educators’ data analysis accuracy, are not 

significantly impacted by educators’ school EL population. Thus those implementing 

these supports in their data systems and reports can expect similar success regardless of 

the EL population where the system and reports will be used. However, district 

implementation could be aided by added encouragement to use available supports. 

Q5e. Research Question Q5e was asked as follows: 
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 What impact does an educator’s school site Socioeconomically Disadvantaged 

population have on the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

The null hypothesis (H5e0) was rejected and the following alternative hypothesis was 

accepted (H5ea) for Q5e based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s school site Socioeconomically 

Disadvantaged population would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

Table 4.08 features results for all 211 study participants, disaggregated by percent of the 

school site’s students who are classified as Socioeconomically Disadvantaged, and 

Chapter 4: Findings features further explanation.  An educator’s school site 

Socioeconomically Disadvantaged population does not have a significant impact on the 

frequency of accurate conclusions he or she draws concerning student achievement data. 

However, Socioeconomically Disadvantaged population has some impact on whether or 

not an educator uses an analysis support. These findings imply the benefits of the three 

data analysis supports shown, through this study’s findings, to improve educators’ data 

analysis accuracy, are not significantly impacted by educators’ school Socioeconomically 

Disadvantaged population. Thus those implementing these supports in their data systems 

and reports can expect similar success regardless of the Socioeconomically 

Disadvantaged population where the system and reports will be used. However, district 

implementation could be aided by added encouragement to use available supports. 

Q5f. Research Question Q5f was asked as follows: 
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 What impact does an educators’ school site Students with Disabilities population 

have on the frequency with which he or she draws accurate conclusions 

concerning student achievement data? 

The null hypothesis (H5f0) was rejected and the following alternative hypothesis was 

accepted (H5fa) for Q5f based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s school site Students with 

Disabilities population would not have an impact on the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

Table 4.09 features results for all 211 study participants, disaggregated by percent of the 

school site’s students who are classified as Students with Disabilities, and Chapter 4: 

Findings features further explanation. An educator’s school site Students with 

Disabilities population does not have a significant impact on the frequency of accurate 

conclusions he or she draws concerning student achievement data. However, Students 

with Disabilities population has some impact on whether or not an educator uses an 

analysis support. These findings imply the benefits of the three data analysis supports 

shown, through this study’s findings, to improve educators’ data analysis accuracy, are 

not significantly impacted by educators’ school Students with Disabilities population. 

Thus those implementing these supports in their data systems and reports can expect 

similar success regardless of the Students with Disabilities population where the system 

and reports will be used. However, district implementation could be aided by added 

encouragement to use available supports. 
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Research Questions Q6a, Q6b, Q6c, Q6d, and Q6e. Research Questions Q6a, 

Q6b, Q6c, Q6d, and Q6e served the sole role of informing implications addressed by the 

primary research questions, specifically Q1, Q2a, Q3a, and Q4a. Research Questions 

Q6a, Q6b, Q6c, Q6d, and Q6e were asked to determine if educators’ demographics 

played a significant role in educators’ data analysis accuracy, as this could impact the 

success of the three data analysis supports investigated with the primary research 

questions. It was found that none of the supports investigated with secondary Research 

Questions Q6a, Q6b, Q6c, Q6d, and Q6e had a significant impact on educators’ data 

analysis accuracy. In summary, these secondary research questions and their accepted 

hypotheses are featured below with question-specific implications. 

Q6a. Research Question 6a was asked as follows: 

 What impact does an educator’s veteran status have on the frequency with which 

he or she draws accurate conclusions concerning student achievement data? 

The null hypothesis (H6a0) was rejected and the following alternative hypothesis was 

accepted (H6aa) for Q6a based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s veteran status would not have 

an impact on the frequency of accurate conclusions he or she drew concerning 

student achievement data. 

Table 4.10 features results for all 211 study participants, disaggregated by veteran status 

in the form of how many years the participant had spent working as an educator, , and 

Chapter 4: Findings features further explanation. An educator’s veteran status does not 

have a significant impact on the frequency of accurate conclusions he or she draws 
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concerning student achievement data. In addition, veteran status has no significant impact 

on whether or not an educator uses an analysis support. These findings imply the benefits 

of the three data analysis supports shown, through this study’s findings, to improve 

educators’ data analysis accuracy, are not significantly impacted by educator’s veteran 

status. Thus those implementing these supports in their data systems and reports can 

expect similar success regardless of the veteran status of educators who will be using the 

data system and reports. 

Q6b. Research Question 6b was asked as follows: 

 What impact does an educator’s current professional role (e.g., teacher, 

site/school administrator, etc.) have on the frequency with which he or she draws 

accurate conclusions concerning student achievement data? 

The null hypothesis (H6b0) was rejected and the following alternative hypothesis was 

accepted (H6ba) for Q6b based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s current professional role (e.g., 

teacher, site/school administrator, etc.) would not have an impact on the 

frequency of accurate conclusions he or she drew concerning student achievement 

data. 

Table 4.11 features results for all 211 study participants, disaggregated by the educator’s 

current professional role, and Chapter 4: Findings features further explanation. An 

educator’s current professional role (e.g., teacher, site/school administrator, etc.) does not 

have an impact on the frequency of accurate conclusions he or she draws concerning 

student achievement data. In addition, role has no significant impact on whether or not an 
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educator uses an analysis support. These findings imply the benefits of the three data 

analysis supports shown, through this study’s findings, to improve educators’ data 

analysis accuracy, are not significantly impacted by educator’s role. Thus those 

implementing these supports in their data systems and reports can expect similar success 

regardless of the role of educators who will be using the data system and reports. 

Q6c. Research Question 6c was asked as follows: 

 What impact does an educator’s perception of his or her own data analysis 

proficiency impact the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

The null hypothesis (H6c0) was rejected and the following alternative hypothesis was 

accepted (H6ca) for Q6c based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s perception of his or her own 

data analysis proficiency would not be related to the frequency of accurate 

conclusions he or she drew concerning student achievement data. 

Table 4.12 features results for all 211 study participants, disaggregated by perception of 

data analysis proficiency in the form of how participants rated their proficiency at 

analyzing student performance data, and Chapter 4: Findings features further 

explanation. An educator’s perception of his or her own data analysis proficiency is not 

related to the frequency of accurate conclusions he or she draws concerning student 

achievement data. In addition, perceived data analysis proficiency has no significant 

impact on whether or not an educator uses an analysis support. These findings imply the 

benefits of the three data analysis supports shown, through this study’s findings, to 
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improve educators’ data analysis accuracy, are not significantly impacted by educator’s 

perception of data analysis proficiency. Thus those implementing these supports in their 

data systems and reports can expect similar success regardless of the perceptions of 

educators who will be using the data system and reports. 

Q6d. Research Question 6d was asked as follows: 

 What impact does an educator’s professional development over the past year, 

devoted specifically to how to analyze student data, have on the frequency with 

which he or she draws accurate conclusions concerning student achievement data? 

The null hypothesis (H6d0) was rejected and the following alternative hypothesis was 

accepted (H6da) for Q6d based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s professional development over 

the past year, devoted specifically to how to analyze student data, would not have 

an impact on the frequency of accurate conclusions he or she drew concerning 

student achievement data. 

Table 4.13 features results for all 211 study participants, disaggregated by data analysis 

professional development in the form of how many hours of PD the participant had taken 

part in within the past 12 months that specifically focused on learning how to correctly 

interpret student data, and Chapter 4: Findings features further explanation. An 

educator’s professional development over the past year, devoted specifically to how to 

analyze student data, does not have an impact on the frequency of accurate conclusions 

he or she draws concerning student achievement data. In addition, PD has no significant 

impact on whether or not an educator uses an analysis support. These findings imply the 
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benefits of the three data analysis supports shown, through this study’s findings, to 

improve educators’ data analysis accuracy, are not significantly impacted by educator’s 

data analysis PD. Thus those implementing these supports in their data systems and 

reports can expect similar success regardless of the data analysis PD of educators who 

will be using the data system and reports. This is not to be mistaken as an assertion that 

data analysis PD is not needed or beneficial, as neither assertion would be accurate. 

Q6e. Research Question 6e was asked as follows: 

 What impact does the number of graduate-level educational measurement courses 

an educator has taken have on the frequency with which he or she draws accurate 

conclusions concerning student achievement data? 

The null hypothesis (H6e0) was rejected and the following alternative hypothesis was 

accepted (H6ea) for Q6e based on the significant findings reported in Chapter 4: 

Findings: 

 The alternative hypothesis was that an educator’s number of graduate-level 

educational measurement courses would not have an impact on the frequency of 

accurate conclusions he or she drew concerning student achievement data. 

Table 4.14 features results for all 211 study participants, disaggregated by educational 

measurement course number in the form of how many graduate-level courses the 

participant had taken that were specifically dedicated to educational measurement, and 

Chapter 4: Findings features further explanation. An educator’s number of graduate-level 

educational measurement courses does not have an impact on the frequency of accurate 

conclusions he or she draws concerning student achievement data. In addition, graduate 

educational measurement courses has no significant impact on whether or not an educator 
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uses an analysis support. These findings imply the benefits of the three data analysis 

supports shown, through this study’s findings, to improve educators’ data analysis 

accuracy, are not significantly impacted by educator’s graduate educational measurement 

courses. Thus those implementing these supports in their data systems and reports can 

expect similar success regardless of the graduate educational measurement education of 

educators who will be using the data system and reports. This is not to be mistaken as an 

assertion that graduate educational measurement courses are not needed or beneficial, as 

neither assertion would be accurate. 

Limitations. The study dealt exclusively with educators and their use of data 

system reports and resources in an isolated setting. Thus, to maintain external validity, 

study findings may not be applied to inferences concerning non-educators, such as 

parents, students, or politicians. Likewise, in consideration of the potential impact of 

interaction of setting and treatment, no generalizations of data analyses may be made of 

analysis environments that are not report-based, such as data analyses made based on data 

group discussions or based on an explanation heard by a data coach. 

Contributions to existing literature in the field. The FDA directs the 

pharmaceutical industry to accompany over-the-counter medication with textual guidance 

regarding its use but to also provide solid evidence on how effective its labeling is in 

reducing errors; to proceed without such research is considered negligent (DeWalt, 

2010). Despite the common use of data systems to generate reports, research on aspects 

of report format and system support that could enhance analysis accuracy is scarce 

(Goodman & Hambleton, 2004). As covered in Chapter 2: Literature Review, Research 

that was devoted to data system and report format, including how effectively this format 



340 
 

communicates data to users, previously focused on participants’ preferences and 

participants’ perceived value of supports. However, user preference can be the opposite 

of the reporting format that actually renders the more accurate interpretation (Hattie, 

2010).   

This study was used to measure specifically how effective varied analysis 

supports are in improving data analysis accuracy, and it did not rely on participants’ 

preferences or perceived value of supports. The findings of this study fill a void in 

education field literature by containing evidence that can be used to identify: 

 whether data systems can help increase data analysis accuracy by providing 

analysis support within data systems and their reports, with the finding being that 

they can. 

 three specific data system/report-embedded supports that increase educators’ data 

analysis accuracy. 

 the specific degree to which these supports increase educators’ data analysis 

accuracy (Figure 4.01), with results disaggregated by educator and site 

demographics and by reporting environment. 

 how likely educators are to use each support, disaggregated by educator and site 

demographics and by reporting environment. 

 examples showing what effective footers, abstracts, and interpretation guides look 

like (Appendix C). 

 whether minor modifications in support format, mainly in terms of length and 

color usage, impacted educators’ data analysis accuracy, with the findings being 

that differences in data analysis accuracy were insignificant. 
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Improvements data system and report providers make in light of this study have the 

potential to improve the accuracy with which educators analyze the data generated by 

their data systems. More accurate data analyses will likely result in more accurate data-

informed decision-making for the benefit of students. 

Recommendations 

This study warranted recommendations for three key roles: (a) data system and 

report providers, such as data system vendors and also district staff who maintain in-

house data systems; (b) educators who use data systems and reports, particularly those in 

leadership positions who play a role in data system selection, support, and replacement; 

and (c) the education research community. These recommendations, which include 

recommendations for future research, are based on the following key findings, all of 

which were found to be significant: 

 Educators’ data analyses were 264% more accurate (with an 18 percentage point 

difference) when any one of the three supports – footer, abstract, or interpretation 

guide – was present, and 355% more accurate (with a 28 percentage point 

difference) when respondents specifically indicated having used the support. 

 Educators’ data analyses were 307% more accurate (with a 23 percentage point 

difference) when a footer was present, and 336% more accurate (with a 26 

percentage point difference) when respondents specifically indicated having used 

the footer. 

 Educators’ data analyses were 205% more accurate (with a 12 percentage point 

difference) when an abstract was present, and 300% more accurate (with a 22 
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percentage point difference) when respondents specifically indicated having used 

the abstract. 

 Educators’ data analyses were 273% more accurate (with a 19 percentage point 

difference) when an interpretation guide was present, and 436% more accurate 

(with a 37 percentage point difference) when respondents specifically indicated 

having used the interpretation guide. 

The specifics of the above findings are detailed in Chapter 4: Findings. As explained 

earlier in Chapter 5: Implications, Recommendations, and Conclusions: Implications, it 

has now been proven, through this study, that accompanying data reports with footers, 

abstracts, and interpretation guides is beneficial to educators’ data analyses and thus 

beneficial to the students affected by educators data-informed decisions. 

 Data system and report providers. Data system and report providers, such as 

data system vendors and also district staff who maintain in-house data systems, are 

encouraged to create a report-specific footer, abstract, and interpretation guide for each of 

the reports they provide. At the very least, they should provide one of these three 

supports. The footer would be a good starting point, as it is most likely the fastest and 

easiest to implement while also being highly effective. 

 Support contents. Each support was designed, through its contents and the clarity 

of its delivery of that contents, to prevent wrong analyses, such as preventing common 

analysis mistakes specific to the report’s particular datasets, while providing guidance on 

the data’s accurate analyses. Thus it is crucial that the person or people who determine 

the contents of each support: 

 are well-versed in region-specific data and its analyses, 



343 
 

 have led many educators of varied roles and backgrounds in the analyses of this 

data and are thus well-versed in the most common mistakes made when analyzing 

it, 

 have an educator background in order to know how to best communicate with 

educators of varied roles and backgrounds, such as knowing terms, approaches, 

and verbiages to use versus not use. 

Support format. When this content is added to the final report or support, the 

person assembling the final product should have a thorough understanding of how design 

impacts understanding. Reading this complete dissertation can help to provide such an 

understanding, but a stronger design education and background is recommended. For 

example, someone building an abstract should know how to use white space rather than 

cramming all of the text into the top half of the page. The handouts used in this study 

(Appendix C) can be used as references, as can their specifications based on findings 

explained in the Q2b, Q3b, and Q4b sections of Chapter 5: Implications, 

Recommendations, and Conclusions: Implications: 

 Footers should be located at the bottom of reports in the same font size as the 

majority of the report’s data; can range from 34 to 58 words, 156 to 269 

characters without spaces, and 224-324 characters with spaces; and can adhere to 

either form of color usage or level of color usage somewhere between the two 

examples (see Appendix C). 

 Abstracts should contain similar contents and range in density and color usage as 

somewhere between the two examples (see Appendix C). 
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 Interpretation guides should range from two to three pages, with a similar level of 

density, and should contain similar contents while adhering to either form of color 

usage or level of color usage somewhere between the two examples (see Appendix 

C). 

The implementation guidelines provided above are likely not the only effective 

ways to provide supports, as other formats not investigated in this study might also be 

effective. However, research measuring their specific impact on educators’ data analysis 

accuracy would have to be performed in order to make such conclusions. See Chapter 5: 

Implications, Recommendations, and Conclusions: Recommendations: Education 

Research Community for related research recommendations. 

For people’s convenience and in order to promote the effective formats 

established with this study, the researcher has created templates for abstracts and 

interpretation guides and has housed them online to be accessed by anyone wanting to 

use them. Note these templates are provided in both docx and doc formats in order to 

accommodate both PC an d Mac users, as well as users of both older and newer software: 

 www.overthecounterdata.com/s/AbstractTemplates.docx for PC users 

of Microsoft® Office 2007 or later (or else the files will not display correctly) and 

www.overthecounterdata.com/s/AbstractTemplates.doc for Mac users or PC users 

of older versions of Microsoft® Office; each file contains two templates: one for a 

simpler abstract version and one for a denser abstract version 

 www.overthecounterdata.com/s/IntGuideTemplates.docx for PC users 

of Microsoft® Office 2007 or later (or else the files will not display correctly) and 

www.overthecounterdata.com/s/IntGuideTemplates.doc for Mac users or PC 

http://www.overthecounterdata.com/s/AbstractTemplates.docx
file:///C:/Users/Jenny/Documents/SCHOOL/20-DIS9505E-DoctoralDissertation/www.overthecounterdata.com/s/AbstractTemplates.doc
file:///C:/Users/Jenny/Documents/SCHOOL/20-DIS9505E-DoctoralDissertation/www.overthecounterdata.com/s/IntGuideTemplates.docx
file:///C:/Users/Jenny/Documents/SCHOOL/20-DIS9505E-DoctoralDissertation/www.overthecounterdata.com/s/IntGuideTemplates.doc
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users of older versions of Microsoft® Office; each file contains two templates: one 

for a shorter interpretation guide version and one for a longer interpretation guide 

version 

See Appendix R for an image of each of the four templates provided. 

Support access. The supports investigated in this study were found to be effective 

when provided to educators in concert with the report they explained. Footers are 

provided directly at the bottom of reports and are thus provided to educators in tandem 

with the reports. However, abstracts and interpretation guides constitute separate, 

supplemental documentation. Thus the data system and report provider must take steps to 

ensure an educator viewing a report is simultaneously provided with access to the 

report’s abstract and interpretation guide. 

While some educators (44%) use the data system directly, others (56%) have 

access but do not use the data system directly and instead only read printed versions of 

reports others used the data system to generate (Underwood et al., 2008). Thus the data 

system and report provider must provide the supplemental documentation in ways that 

account for both types of users: online versus printed. Examples of how these two user 

types can be accommodated include: 

 two links visible and accessible while viewing the report online, within the data 

system: an “Abstract” link leading directly to the report’s abstract and an 

“Interpretation Guide” link leading directly to the report’s interpretation guide 

 the same solution explained above, with the added stipulation that the abstract and 

interpretation guide each be downloadable as an Adobe pdf file so users can print 

it to provide it to others when reports are provided in printed form, attach it to an 
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email to send it to others when reports are provided in emailed form, save it 

somewhere such as a staff portal for others where already-generated reports are 

housed, or other approach to sharing its access 

If the data system has a help system, this is another location where links to abstracts and 

interpretation guides can appear to increase awareness of them and access to them. 

Educators. Educators who use data systems and reports, particularly those in 

leadership positions who play a role in data system selection, support, and replacement, 

are in positions to encourage their data system and report providers to add footers, 

abstracts, and interpretation guides to accompany reports they offer. There are five key 

reasons educators should request such supports and promote awareness and dialogue 

about such supports in educator communities: 

 Each of the three supports results in a significant increase in educators’ data 

analysis accuracy when the supports are present, as noted above. 

 Without supports, educators’ data analysis accuracy is only 11% correct. 

 Educators use their data analyses to inform decisions that impact students, so 

providing such supports is of dire import to students’ wellbeing. 

 Unlike popular approaches currently used by educators to improve their own data 

analysis accuracy, such as PD and staff supports, adding footers, abstracts, and 

interpretation guides to data systems will likely not cost educators any money, as 

it is recommended that data system and report providers incur any related costs. 

One likely exception to this rule is a district where an in-house data system is 

maintained. 
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 Popular approaches currently used by educators to improve their own data 

analysis accuracy, such as PD and staff supports, are not omnipotent. While 

evidence indicates these approaches are beneficial, they do not result in fool-proof 

data analyses. Rather, each approach has some limitations. See Chapter 2: 

Literature Review: Supports Outside of Data Systems Are Not Enough for details. 

Thus added supports, such as those examined with this study, are needed. 

It is thus recommended educators take the following steps, based on which steps 

are appropriate for their roles and circumstances, to capitalize on the benefits of the three 

over-the-counter data supports investigated in this study: 

 Encourage current data system and report providers to add footers, abstracts, and 

interpretation guides to accompany reports they offer. This dissertation and its 

findings can be used as support for requests. 

 Add footers, abstracts, and interpretation guides as consideration criteria when 

deciding whether to keep or purchase/hire a data system or report provider. For 

example, when issuing a request for proposal (RFP) inviting vendors to submit 

proposals for their data systems, add these supports as required or desired criteria 

and consider their presence in the selection process. This could encourage vendors 

to add these supports and/or could raise their awareness of the need to add such 

supports. 

 Promote awareness and dialogue about such supports in educator communities. 

For example, discuss the importance of footers, abstracts, and interpretation 

guides with colleagues and share approaches to acquiring and using them. 
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 If a report was created outside of a data system, or if the data system does not 

contain over-the-counter data supports, personally add a footer to the report and 

create an abstract and interpretation guide to go with it following guidance 

provided earlier in this chapter. 

Education research community. There are two main topics recommended for 

future research on the topic of over-the-counter data supports such as footers, abstracts, 

and interpretation guides. Education research community members are encouraged to fill 

remaining gaps in field literature by investigating the topics that follow. Each of these 

should be studied in terms of specific impact on educators’ data analysis accuracy as 

opposed to which supports and formats educators prefer. As noted, user preference can be 

the opposite of the reporting format that actually renders the more accurate interpretation 

(Hattie, 2010). 

All supports simultaneously. Although the three supports investigated in this 

study increased educators’ data analysis accuracy by 205%-307% when they were merely 

present, and by even more – 300%-436% – when participants specifically indicated they 

used them (see Figure 4.01), no single support resulted in 100% data analysis accuracy 

for all users. The average data analysis accuracy only rose to up to 48% correct (see 

Table 4.02). This was expected, mainly due to a key assumption made in this study. 

Assumptions about the study population included that respondents would make 

reasonable attempts to answer the four data analysis questions – Questions 4-7 – 

correctly, but they would not necessarily answer the questions to the best of their 

abilities. Because most survey completion sessions were conducted at the end of the 

school day, which meant at the end of each participant’s work day, it was reasonable to 
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assume respondents were tired, which is not conducive to data analysis accuracy. For 

example, fatigue at the end of a workday can cause a significant decline in interpretation 

accuracy (Krupinski & Berbaum, 2010). However, the times when these survey sessions 

were conducted – when staff members were not teaching – were also the time these 

educators would be most likely to have the time to conduct their real-life analyses of 

student data. 

Since it is important to continually look for ways educators’ data analysis 

accuracy can be improved even more, particularly in ways that are not intrusive on 

educator time or resources, one can imagine the likely-beneficial impact of offering 

educators all three supports as opposed to just one. 87% of control group participants 

who had no access to supports indicated they would have used the added support if they 

had it, and 58% of participants who had supports indicated they used them. As explained 

earlier, there is reason to suspect this 58% was even higher due to the significant impact 

of support presence even when respondents indicated they did not use them. Even if the 

58% is accurate, it means some educators opted not to use the supports. However, one 

can imagine that different supports – which range in size, format, quantity of information, 

and more – appeal to different educators. 73% of participants with footers used them, 

50% of participants with abstracts used them, and 52% of participants with interpretation 

guides used them (see Table 4.02). 

One recommendation for further study is thus to measure the impact on educators’ 

data analyses when the support of footers, abstracts, and interpretation guides are offered 

to educators in concert. Likewise, the impact of all over-the-counter data components 

used jointly is worthy of further research: label, supplemental documentation, help 
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system, package/display, and contents. For example, the package/display of reports used 

in the study did not fully reflect likely-ideal reporting practices, as the study’s reports 

needed to closely reflect report formats in current use by typical data systems, which are 

not always ideal; thus the format used for the study’s Report 1 is highly typical despite 

the fact that it would possibly render better analyses if it was displayed as shown in 

Figure 5.01. While a lab-environment is recommended, where variables and conditions 

can be controlled, data from real-world, non-lab environments would also be valuable in 

cases where these supports are implemented in data systems used by one or more school 

districts. 

 

 

Figure 23: Likely More Effective Format for Report 1 yet Atypical of Data Systems 
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Additional formats. The minor modifications in support format investigated in 

this study, mainly in terms of length and color usage, had no significant impact on the 

participating educators’ data analysis accuracy. This resulted in acceptance of the null 

hypotheses for primary Research Questions Q2b, Q3b, and Q4b. These results were 

somewhat unexpected given literature on behavioral economics, particularly in the area 

of framing, and literature on report and documentation design. However, it is important to 

note all support format variations used in the study subscribed to best practices 

recommended in literature on report and documentation design. Thus the variations were 

minor and designed to garner more specificity in these best practices. It was thus 

concluded such minor variations are equally minor in their impact on educators’ data 

analyses. 

Nonetheless, the manner in which content is organized for people using it to make 

decisions significantly impacts those decisions (Thaler & Sunstein, 2008). Framing 

applies to how information is presented, as presenting the same information to someone 

in different ways will often result in different emotions and different levels of difficulty 

in understanding or analyzing the information (Kahneman, 2003, 2011). Thus suggested 

ways to present analysis guidance in footers, abstracts, and interpretation guides were 

utilized in the Over-the-Counter Data’s Impact on Educators’ Data Analysis Accuracy 

study, but the best manner in which to frame these resources had not yet been determined 

in regards to direct impact on analysis accuracy. Thus each of the three support resources 

were framed in two different formats for respondents in the study. Both formats, in each 

case, were found to be equally effective. However, it would be premature and possibly 
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wrong to conclude the two formats used in this study, while significantly effective, were 

the most effective formats possible. 

It is recommended the education research community continue to explore 

additional formats for footers, abstracts, and interpretation guides in order to continually 

search for better ways to provide added analysis support to educators. Likewise, other 

over-the-counter data aspects such as non-footer aspects of report labeling, the data 

system’s help system, report packaging and data display, and report contents should also 

be investigated in order to inform better data systems and reports that provide optimal 

support with educators’ data analyses. 

Conclusions 

Most educators have access to data systems to generate and analyze score reports 

(Aarons, 2009; Herbert, 2011). However, educators do not use this data correctly, and 

there is clear evidence many users of data system reports have trouble understanding the 

data (Wayman et al., 2010; Zwick et al., 2008). The impact of feedback, which is 

considered one of the most powerful influences on student learning and achievement, can 

be negative if the performance feedback is not provided in the best way (Hattie & 

Timperley, 2013). Despite this, labeling and tools within data systems to assist analysis 

are uncommon (USDEOPEPD, 2009). The Over-the-Counter Data’s Impact on 

Educators’ Data Analysis Accuracy study rendered findings that data system-embedded 

data analysis support in the forms of footers, abstracts, and interpretation guides all have 

a significant, positive impact on the accuracy of educators’ data analyses. 

Findings rendered implications there are direct benefits to educators’ data use 

when a data system and its reports embed at least one of the three data analysis supports 
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investigated in this study. Findings also supported experts’ assertions that educators 

desire more data analysis support from their data systems and its reports, and that the 

majority of educators use such supports when they are available. In addition, secondary 

research questions concerning educators’ personal and school site demographics were 

answered with the finding that such demographics have no significant bearing on the 

supports’ success, and thus the supports can be implemented with expected success at 

varied locations and for varied users. 

Given the significant success of footers, abstracts, and interpretation guides, the 

study warranted related recommendations for three key roles: (a) data system and report 

providers, such as data system vendors and also district staff who maintain in-house data 

systems; (b) educators who use data systems and reports, particularly those in leadership 

positions who play a role in data system selection, support, and replacement; and (c) the 

education research community. The last of these was paired with recommendations for 

future research, mainly in terms of (a) testing the success of all three supports when 

provided in concert, and (b) investigating additional formats for footers, abstracts, and 

interpretation guides in order to continually search for better ways to provide added 

analysis support to educators. Likewise, the education research community was 

encouraged to explore best practices for other over-the-counter data aspects such as non-

footer aspects of report labeling, the data system’s help system, report packaging and data 

display, and report contents in order to inform better data systems and reports that 

provide optimal support with educators’ data analyses. 
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The findings of the Over-the-Counter Data’s Impact on Educators’ Data Analysis 

Accuracy study fill a void in education field literature by containing evidence that can be 

used to identify: 

 whether data systems can help increase data analysis accuracy by providing 

analysis support within data systems and their reports, with the finding being that 

they can. 

 three specific data system/report-embedded supports that increase educators’ data 

analysis accuracy. 

 the specific degree to which these supports increase educators’ data analysis 

accuracy (Figure 4.01), with results disaggregated by educator and site 

demographics and by reporting environment. 

 how likely educators are to use each support, disaggregated by educator and site 

demographics and by reporting environment. 

 examples showing what effective footers, abstracts, and interpretation guides look 

like (Appendix C). 

 whether minor modifications in support format, mainly in terms of length and 

color usage, impacted educators’ data analysis accuracy, with the findings being 

that differences in data analysis accuracy were insignificant. 

Improvements data system and report providers make in light of this study have 

the potential to improve the accuracy with which educators analyze the data generated by 

their data systems. More accurate data analyses will likely result in more accurate data-

informed decision-making for the benefit of students. It is the strong conviction of this 

researcher that students deserve for stakeholders to use all possible supports for improved 
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analysis accuracy in an effort to completely eliminate – rather than merely reduce – their 

data analysis errors, as these errors impact decisions that impact students’ lives. 
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Appendices 

Appendix A: Standards and Codes 

From 90th Annual California Educational Research Association (CERA) Conference 
Presentation  (Rankin, 2011, pp. 39-44) 
 

National Council on Measurement in Education:                                                                                           
Code of Professional Responsibilities in Educational Measurement 
Responsibilities of Those Who Interpret, Use, and Communicate 
Assessment Results 
(National Council on Measurement in Education, 1995) 

Standard 
6.2 

Provide to those who receive assessment results information about the 
assessment, its purposes, its limitations, and its uses necessary for the proper 
interpretation of the results. 

Standard 
6.3 

Provide to those who receive score reports an understandable written 
description of all reported scores, including proper interpretations and likely 
misinterpretations. 

Standard 
6.4 

Communicate to appropriate audiences the results of the assessment in an 
understand able and timely manner, including proper interpretations and 
likely misinterpretations. 

Standard 
6.5 

Evaluate and communicate the adequacy and appropriateness of any norms 
or standards used in the interpretation of assessment results. 

Standard 
6.8 

Avoid making, and actively discourage others from making, inaccurate 
reports, unsubstantiated claims, inappropriate interpretations, or otherwise 
false and misleading statements about assessment results. 
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American Educational Research Association (AERA) 
Standards for Educational & Psychological Testing 
(AERA, American Psychological Association, & National Council on Measurement in 
Education, 1999) 

Standard 
5.10 

“When test score information is released to students, parents, legal 
representatives, teachers, clients, or the media, those responsible for testing 
programs should provide appropriate interpretations. The interpretations 
should describe in simple language what the test covers, what scores mean, 
the precision of the scores, common misinterpretations of test scores, and 
how scores will be used (p. 65).” 

Standard 
13.1 

“When educational testing programs are mandated by school, district, state, 
or other authorities, the ways in which tests results are intended to be used 
should be clearly described. It is the responsibility of those who mandate the 
use of the tests to monitor their impact and to identify and minimize potential 
negative consequences. Consequences resulting from the uses of the test, 
both intended and unintended, should also be examined by the test user (p. 
145).” 

Standard 
13.9 “When tests scores are intended to be used as part of the process for making 

decisions for educational placement, promotion, or implementation of 
prescribed educational plans, empirical evidence documenting the 
relationship among particular test scores, the instructional programs, and 
desired student outcomes should be provided. When adequate empirical 
evidence is not available, users should be cautioned to weigh the test results 
accordingly in light of other relevant information about the student (p. 147).” 

Standard 
13.14 

“In educational settings, score reports should be accompanied by a clear 
statement of the degree of measurement error associated with each score or 
classification level and information on how to interpret the scores (p. 148).” 
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Code of Fair Testing Practices in Education Reporting & Interpreting Test Results 
(Joint Committee on Testing Practices, 2004) 
Test Developers:                                            Test Users: 
Test developers should report test results 
accurately and provide information to help test 
users interpret test results correctly. 

Test users should report and interpret test results 
accurately and clearly. 

C-1. Provide information to support 
recommended interpretations of the results, 
including the nature of the content, norms or 
comparison groups, and other technical 
evidence. Advise test users of the benefits and 
limitations of test results and their 
interpretation. Warn against assigning greater 
precision than is warranted. 

C-1. Interpret the meaning of the test results, 
taking into account the nature of the content, 
norms or comparison groups, other technical 
evidence, and benefits and limitations of test 
results. 

C-2. Provide guidance regarding the 
interpretations of results for tests administered 
with modifications. Inform test users of 
potential problems in interpreting test results 
when tests or test administration procedures 
are modified. 

C-2. Interpret test results from modified test or 
test administration procedures in view of the 
impact those modifications may have had on 
test results. 

C-3. Specify appropriate uses of test results 
and warn test users of potential misuses. 

C-3. Avoid using tests for purposes other than 
those recommended by the test developer unless 
there is evidence to support the intended use or 
interpretation. 

C-4. When test developers set standards, 
provide the rationale, procedures, and 
evidence for setting performance standards or 
passing scores. Avoid using stigmatizing 
labels. 

C-4. Review the procedures for setting 
performance standards or passing scores. Avoid 
using stigmatizing labels. 

C-5. Encourage test users to base decisions 
about test takers on multiple sources of 
appropriate information, not on a single test 
score. 

C-5. Avoid using a single test score as the sole 
determinant of decisions about test takers. 
Interpret test scores in conjunction with other 
information about individuals. 

C-6. Provide information to enable test users 
to accurately interpret and report test results 
for groups of test takers, including information 
about who were and who were not included in 
the different groups being compared, and 
information about factors that might influence 
the interpretation of results. 

C-6. State the intended interpretation and use of 
test results for groups of test takers. Avoid 
grouping test results for purposes not 
specifically recommended by the test developer 
unless evidence is obtained to support the 
intended use. Report procedures that were 
followed… 

C-7. Provide test results in a timely fashion 
and in a manner that is understood by the test 
taker. 

C-7. Communicate test results in a timely 
fashion and in a manner that is understood by 
the test taker. 

C-8. Provide guidance to test users about how 
to monitor the extent to which the test is 
fulfilling its intended purposes. 

C-8. Develop and implement procedures for 
monitoring test use, including consistency with 
the intended purposes of the test. 
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Appendix B: Study Survey Pages 

Note respondents only received one version of the page featuring Question 8. 
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Appendix C: Handouts Used in Study (Color Format Is Pertinent to Study) 

The succeeding 20 pages contain the following handouts, which are followed by 
depictions of how they were distributed to participants: 
 

Item Included in Folder (Scenario #) 

Report 1 with No Footer (Plain Report) White (1)               Black (6) 
Purple (4)               Red (7) 
Blue (5) 
 

Report 1 with Footer A (Shorter) Green (2) 

Report 1 with Footer B (Longer) Yellow (3) 

Abstract 1A (Less Dense) Purple (5) 
 

Abstract 1B (Denser) Blue (5) 
 

Interpretation Guide 1A (2 Pages) Black (6) 

Interpretation Guide 1B (3 Pages) Red (7) 

Report 2 with No Footer (Plain Report) White (1)               Black (6) 
Purple (4)               Red (7) 
Blue (5) 
 

Report 2 with Footer A (Shorter) Green (2) 

Report 2 with Footer B (Longer) Yellow (3) 

Abstract 2A (Less Dense) Purple (5) 

Abstract 2B (Denser) Blue (5) 
 

Interpretation Guide 2A (2 Pages) Black (6) 

Interpretation Guide 2B (3 Pages) Red (7) 
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This page provides an abstract for the CST Performance report, which shows a school site’s performance on 
California Standards Test (CST) content clusters in relation to the state’s performance (scores of students 
statewide who scored Proficient on the CST). 
 

             
                      What data is reported? 
 

Students’ average % correct when answering questions aligned to each CST content cluster is displayed for: 
 a school site 
 the State Minimally Proficient (meaning all students in California who scored the minimum scale score                                

needed – 350 – to be considered Proficient on this CST) 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
  What do many educators misunderstand? 
 

Content clusters vary in difficulty, so a site’s highest % correct for a cluster does not necessarily indicate its 
strength, and its lowest % correct for a cluster is not necessarily its weakness. For each cluster, compare the 
Site % to the State Minimally Proficient % (i.e., look at the degree to which the Site beat the State Minimally 
Proficient). Use this formula: 
 

School Site %  –  State Minimally Proficient %  =  # 
 

The cluster with the highest difference (highest # from above formula) could be a Site strength, and the cluster 
with the lowest difference (lowest # from above formula) could be a Site weaknesses. 

CST Performance Report 
Abstract 
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This page provides an abstract for the CST 
Performance report, which shows a school  
site’s performance on California 
Standards Test (CST) content clusters in 
relation to the state’s performance 
(scores of students statewide who scored 
Proficient on the CST). 
 

 
 What are some questions 

this report will help answer? 
 

 What are possible weaknesses for my 
school site (in a grade and subject 
area)? 

 What are possible strengths for my            
school site (in a grade and subject 
area)? 

 Which content clusters were assessed 
with the hardest questions on this CST? 

 Which content clusters were assessed with the easiest questions on this CST? 
 

             
                      Who is the intended audience?  
 

Teachers and administrators 
 

What data is reported? 
 

Students’ average % correct when answering questions aligned to each CST content cluster is displayed for: 
 a school site 
 the State Minimally Proficient (meaning all students in California who scored the minimum scale score                                

needed – 350 – to be considered Proficient on this CST) 
 

How is the data reported? 
 

The school site is graphed in blue, and the State Minimally Proficient is graphed in orange. 
 

 
  What do many educators misunderstand? 
 

Content clusters vary in difficulty, so a site’s highest % correct for a cluster does not necessarily indicate its 
strength, and its lowest % correct for a cluster is not necessarily its weakness. For each cluster, compare the 
Site % to the State Minimally Proficient % (i.e., look at the degree to which the Site beat the State Minimally 
Proficient). Use this formula: 
 

School Site %  –  State Minimally Proficient %  =  # 
 

The cluster with the highest difference (highest # from above formula) could be a Site strength, and the cluster 
with the lowest difference (lowest # from above formula) could be a Site weaknesses.   

CST Performance Report 
Abstract 
 



395 
 

 

 
 
 

 
 

  What do many educators misunderstand? 
 

Content clusters vary in difficulty, so a site’s highest % correct for a cluster does not necessarily indicate its 
strength, and its lowest % correct for a cluster is not necessarily its weakness. For each cluster, compare the 
Site % to the State Minimally Proficient % (i.e., look at the degree to which the Site beat the State Minimally 
Proficient). Use this formula: 
 

School Site %  –  State Minimally Proficient %  =  # 
 

The cluster with the highest difference (highest # from above formula) could be a Site strength, and the cluster 
with the lowest difference (lowest # from above formula) could be a Site weaknesses. 
 
 
                                    What              
are possible weaknesses for my school  
site (in a grade and subject area)? 
 

Determine the cluster in which you most lagged 
behind the State Minimally Proficient’s (SMP’s) 
students (or beat them to the least degree). Since 
clusters vary in difficulty, SMP %s account for how 
easy or hard the clusters were.  Use this formula: 

      School %  –  SMP %  =  # 
 

Example: For the Decimals cluster: 
      School 70%  –  SMP 76%  =  –6 
 

More than for any other cluster, Site did                   

most poorly on the Decimals cluster (because of 
how Site compared to SMP).                       The 
Decimals cluster is most likely Site’s weakness,  
even though the Site’s 70% for Decimals was not its lowest %.                What are possible strengths for my school  

site (in a grade and subject area)? 
 

Determine the cluster in which you beat the 
State Minimally Proficient’s (SMP’s) students to 
the greatest degree. Since clusters vary in 
difficulty, SMP %s account for how easy or hard 
the clusters were.  Use this formula:  

      School %  –  SMP %  =  # 
 

Example: For the Measurement cluster: 
      School 68%  –  SMP 62%  =  +6 
 

More than for any other cluster, Site performed 

best on the Measurement cluster (because 
of how Site compared to SMP).                       
The Measurement cluster is most likely 
Site’s strength, even though the Site’s 68% 

for Measurement was not its highest %. 

CST Performance Report 
Interpretation Guide 
 

The CST Performance report shows a school site’s performance 
on California Standards Test (CST) content clusters in relation 
to the state’s performance. 
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Which content clusters were assessed 
with the hardest questions on this CST?  
 

Find the State Minimally Proficient (SMP) 
lowest %. Since SMP %s are the average % 
of questions answered correctly by all 
students in California who scored the 
minimum scale score needed – 350 – to 
be considered Proficient on this CST, 
clusters they struggled with the most had 
the hardest questions. 
 

Example: SMP’s 62% in Measurement                   
is lower than the 76%, 74%, 80%, and 72% 
SMP earned in the other clusters. Thus the  
Measurement cluster was likely assessed 
with the hardest questions. 

 
Which content clusters were 
assessed with the easiest 
questions on this CST? 
 

Find the State Minimally 
Proficient (SMP) highest %. 
Clusters that SMP had the 
easiest time with had the easiest 
questions. 
 

Example: SMP’s 80% in Algebra 
is higher than the 76%, 74%, 
62%, and 72% SMP earned in the 
other clusters. Thus the                  
Algebra cluster was likely 
assessed with the easiest 
questions. 

 
 
                                 Where can I find more info on the CST and its proper analysis? 

 

Reference Chapter 1 of the California Standardized Testing and Reporting (STAR) Post-Test Guide at 
http://www.startest.org/archive.html. 
 

Where can I find more info on analyzing CST content clusters? 
 

Visit the Help system’s Data Analysis manual.  
 

Where can I learn how 
to generate this report 
in my data system?  
 

Visit the Help system’s 
Reports manual. 
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This 3-page guide explains the CST 
Performance report, which shows a school 
site’s performance on California 
Standards Test (CST) content clusters in 
relation to the state’s performance 
(scores of students statewide who scored 
Proficient on the CST). 
 
 

 What are some questions 
this report will help answer? 

 

 What are possible weaknesses for my 
school site (in a grade and subject 
area)? 

 What are possible strengths for my            
school site (in a grade and subject 
area)? 

 Which content clusters were assessed 
with the hardest questions on this CST? 

 Which content clusters were assessed with the easiest questions on this CST? 
 

             
                      Who is the intended audience?  
 

Teachers and administrators 
 

What data is reported? 
 

Students’ average % correct when answering questions aligned to each CST content cluster is displayed for: 
 a school site 
 the State Minimally Proficient (meaning all students in California who scored the minimum scale score                                

needed – 350 – to be considered Proficient on this CST) 
 

How is the data reported? 
 

The school site is graphed in blue, and the State Minimally Proficient is graphed in orange. 
 

 
  What do many educators misunderstand? 
 

Content clusters vary in difficulty, so a site’s highest % correct for a cluster does not necessarily indicate its 
strength, and its lowest % correct for a cluster is not necessarily its weakness. For each cluster, compare the 
Site % to the State Minimally Proficient % (i.e., look at the degree to which the Site beat the State Minimally 
Proficient). Use this formula: 
 

School Site %  –  State Minimally Proficient %  =  # 
 

The cluster with the highest difference (highest # from above formula) could be a Site strength, and the cluster 
with the lowest difference (lowest # from above formula) could be a Site weaknesses. 

CST Performance Report 
Interpretation Guide 
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                                       How do I read the report? 
 

The bars show you the % of questions students answered correctly when 
answering questions aligned to each CST content cluster. %s above blue bars are 
results of students at the School Site, and %s above orange bars are results of 
students statewide who scored the minimum scale score needed (350) to be 
considered Proficient on this CST. 
 

Example: The State Minimally Proficient students and the School Site’s                  
students both answered 72% of Qs correctly in this CST’s Statistics cluster.  
 
 
                                    What              
are possible weaknesses for my school  
site (in a grade and subject area)? 
 

Determine the cluster in which you most 
lagged behind the State Minimally Proficient’s 
(SMP’s) students (or beat them to the least 
degree). Since clusters vary in difficulty, SMP 
%s account for how easy or hard the clusters 
were.  Use this formula: 

      School %  –  SMP %  =  # 
 

Example: For the Decimals cluster: 
      School 70%  –  SMP 76%  =  –6 
 

More than for any other cluster, Site did                   

most poorly on the Decimals cluster 
(because of how Site compared to SMP).                       
The Decimals cluster is most likely Site’s 
weakness, even though the Site’s 70% for 
Decimals was not its lowest %. 
 
 

What are possible strengths for my school 
site (in a grade and subject area)? 
 

Determine the cluster in which you beat the 
State Minimally Proficient’s (SMP’s) students to 
the greatest degree. Since clusters vary in 
difficulty, SMP %s account for how easy or hard 
the clusters were.  Use this formula:  

      School %  –  SMP %  =  # 
 

Example: For the Measurement cluster: 
      School 68%  –  SMP 62%  =  +6 
 

More than for any other cluster, Site performed 

best on the Measurement cluster (because 
of how Site compared to SMP).                       
The Measurement cluster is most likely 
Site’s strength, even though the Site’s 68% 

for Measurement was not its highest %. 
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Which content clusters were assessed 
with the hardest questions on this CST?  
 

Find the State Minimally Proficient (SMP) 
lowest %. Since SMP %s are the average % 
of questions answered correctly by all 
students in California who scored the 
minimum scale score needed – 350 – to 
be considered Proficient on this CST, 
clusters they struggled with the most had 
the hardest questions. 
 

Example: SMP’s 62% in Measurement                   
is lower than the 76%, 74%, 80%, and 72% 
SMP earned in the other clusters. Thus the  
Measurement cluster was likely assessed 
with the hardest questions. 

 
Which content clusters were 
assessed with the easiest 
questions on this CST? 
 

Find the State Minimally 
Proficient (SMP) highest %. 
Clusters that SMP had the 
easiest time with had the easiest 
questions. 
 

Example: SMP’s 80% in Algebra 
is higher than the 76%, 74%, 
62%, and 72% SMP earned in the 
other clusters. Thus the                  
Algebra cluster was likely 
assessed with the easiest 
questions. 

 
 
                                 Where can I find more info on the CST and its proper analysis? 

 

Reference Chapter 1 of the California Standardized Testing and Reporting (STAR) Post-Test Guide at 
http://www.startest.org/archive.html. 
 

Where can I find more info on analyzing CST content clusters? 
 

Visit the Help system’s Data Analysis manual.  
 

Where can I learn how 
to generate this report 
in my data system?  
 

Visit the Help system’s 
Reports manual.  
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This page provides an abstract for the Students’ CELDT Performance report, which shows English Learners’ 
scores on the California English Language Development Test (CELDT), which determines which students should 
be considered for reclassification as Fluent English Proficient (RFEP). 
 

             
                      What data is reported? 
 

Each English Learner who took the CELDT is listed with grade level, proficiency level for each domain, and 
Overall proficiency level. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

  What do many educators misunderstand? 
 

The Overall score does not, alone, determine CELDT proficiency. A Grade 2-12 student is Proficient on the 
CELDT only if earning both of these: 
 

 performance level 4 or above Overall 
 performance level 3 or above in every domain 
 

Kindergarten and Grade 1 students only have to meet these criteria for Listening, Speaking, and Overall in 
order to score Proficient. 
  

Students’ CELDT Performance 
Abstract 
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This page provides an 
abstract for the Students’ 
CELDT Performance report, 
which shows English 
Learners’ scores on the 
California English Language 
Development Test (CELDT), 
which determines which 
students should be 
considered for 
reclassification as Fluent 
English Proficient (RFEP). 
 
 

 What are 
some questions this report        
will help answer? 

 

 Which students scored                                    
Proficient on the CELDT? 

 Which scores prevented students from earning Proficiency? 
 How did this class or program of students perform on the CELDT and in each of its domains? 

 
             

                      Who is the intended audience?  
 

Teachers, administrators, and EL coordinators 
 

What data is reported? 
 

Each English Learner who took the CELDT is listed with grade level, proficiency level for each domain, and 
Overall proficiency level. 
 

How is the data reported? 
 

Students in a class or program are listed with their scores. A final row averages all the scores in each domain 
and Overall. 

 
 

  What do many educators misunderstand? 
 

The Overall score does not, alone, determine CELDT proficiency. A Grade 2-12 student is Proficient on the 
CELDT only if earning both of these: 
 

 performance level 4 or above Overall 
 performance level 3 or above in every domain 
 

Kindergarten and Grade 1 students only have to meet these criteria for Listening, Speaking, and Overall in 
order to score Proficient.  

Students’ CELDT Performance 
Abstract 
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  What do many educators misunderstand? 
 

The Overall score does not, alone, determine CELDT proficiency. A Grade 2-12 student is Proficient on the 
CELDT only if earning both of these: 
 

 performance level 4 or above Overall 
 performance level 3 or above in every domain 
 

Kindergarten and Grade 1 students only have to meet these criteria for Listening, Speaking, and Overall in 
order to score Proficient.  
 
 
                                   Which students scored Proficient on the CELDT? 
 

To determine who scored Proficient, you must consider the Overall score and the domain scores. 
 

Grades 2-12 
A student is Proficient only if 
earning both of these*: 
 

 4 or above Overall 
 3 or above in every 

domain 
 

Example: Ashley is not 
Proficient because of her 2 in 
Reading. 
 

Example: Victor is not 
Proficient because of his 3 
Overall.  

 

 

Grades K-1 
A K-1 student is Proficient 
only if earning both of these: 
 

 4 or above Overall 
 3 or above in Listening 
 3 or above in Speaking 
 

Example: Cho is Proficient 
because of her 5s (“3 or 
above”) in Listening and 
Speaking and her 4 (“4 or 
above”) Overall. Because she 
is in Kindergarten her 2s 
aren’t considered. 

 
*K-1 Grade students are an exception to the above rules in that only their Listening, Speaking, and Overall scores are considered when determining Proficiency. 

Students’ CELDT Performance 
Interpretation Guide 
 

The Students’ CELDT Performance report shows English 
Learners’ scores on the CELDT, a test that determines 
which students should be considered for reclassification. 
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Which scores prevented 
students from earning 
Proficiency? 
 

Find every 1 or 2 in the Domain 
area (remember to ignore K-1 
students’ Reading and Writing 
scores). 
 

Find every 1, 2, and 3 in the 
Overall area. 
 

Example: All but the Speaking 
domain caused students in 
this program to not earn 
Proficiency. 
 
How did this class or program 
of students perform on the CELDT and in each of its domains? 
 

Reference the bottom row to view class or program averages. 
 
 
 
 
Example: This program’s average of 4.3 (for Speaking) 
was highest for all the domains, whereas 2.3 (for Reading) 
was its lowest. This program’s Overall average was 3.3.  
 
 
                                 Where can I find more info on the CELDT? 

 

Visit http://www.cde.ca.gov/ta/tg/el/ for resources. 
 

Where can I find more info on analyzing CELDT performance? 
 

Visit the Help system’s Data Analysis manual.  
 

Where can I learn how 
to generate this report 
in my data system?  
 

Visit the Help system’s 
Reports manual.  
 

Who takes the CELDT and when? 
 

All students whose home language is not English must test within 30 calendar days of enrolling in a California 
public school to determine classification as Fluent-English Proficient (FEP) or English Learner (EL). ELs must test 
every year thereafter until they are Reclassified as Fluent-English Proficient (R-FEP). 
 

What do the performance levels mean? 
 

1 = Beginning, 2 = Early Intermediate, 3 = Intermediate, 4 = Early Advanced, 5 = Advanced  
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This 3-page guide explains 
the Students’ CELDT 
Performance report, which 
shows English Learners’ 
scores on the California 
English Language 
Development Test (CELDT), 
which determines which 
students should be 
considered for 
reclassification as Fluent 
English Proficient (RFEP). 
 
 

 What are 
some questions this report        
will help answer? 

 

 Which students scored                                    
Proficient on the CELDT? 

 Which scores prevented students from earning Proficiency? 
 How did this class or program of students perform on the CELDT and in each of its domains? 

 
             

                      Who is the intended audience?  
 

Teachers, administrators, and EL coordinators 
 

What data is reported? 
 

Each English Learner who took the CELDT is listed with grade level, proficiency level for each domain, and 
Overall proficiency level. 
 

How is the data reported? 
 

Students in a class or program are listed with their scores. A final row averages all the scores in each domain 
and Overall. 

 
 

  What do many educators misunderstand? 
 

The Overall score does not, alone, determine CELDT proficiency. A Grade 2-12 student is Proficient on the 
CELDT only if earning both of these: 
 

 performance level 4 or above Overall 
 performance level 3 or above in every domain 
 

Kindergarten and Grade 1 students only have to meet these criteria for Listening, Speaking, and Overall in 
order to score Proficient.   

Students’ CELDT Performance 
Interpretation Guide 
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                                       How do I read the report? 
 

Each English Learner has his or her own row of 
scores. The 1st 4 of these scores are for domains, 
which are categories of English-Language 
Development (ELD) standards on which the test 
assesses students. The final score summarizes      
the student’s Overall CELDT performance. 
However, this Overall score does not, alone, 
determine CELDT proficiency. 
 
 
                                    Which students scored Proficient on the CELDT? 
 

To determine who scored Proficient, you must consider the Overall score and the domain scores. 
 

Grades 2-12 
A student is Proficient only if 
earning both of these: 
 

 4 or above Overall 
 3 or above in every 

domain 
 

Example: Ashley is not 
Proficient because of her 2 in 
Reading. 
 

Example: Victor is not 
Proficient because of his 3 
Overall.  

 
Kindergarten and Grade 1 students are an exception to the above rules in that only their Listening, Speaking, 
and Overall scores are considered when determining Proficiency. 
 

Grades K-1 
A K-1 student is Proficient 
only if earning both of these: 
 

 4 or above Overall 
 3 or above in Listening 
 3 or above in Speaking 
 

Example: Cho is Proficient 
because of her 5s (“3 or 
above”) in Listening and 
Speaking and her 4 (“4 or 
above”) Overall. Because she 
is in Kindergarten her 2s 
aren’t considered.  
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Which scores prevented 
students from earning 
Proficiency? 
 

Find every 1 or 2 in the Domain 
area (remember to ignore K-1 
students’ Reading and Writing 
scores). 
 

Find every 1, 2, and 3 in the 
Overall area. 
 

Example: All but the Speaking 
domain caused students in 
this program to not earn 
Proficiency. 
 
How did this class or program 
of students perform on the CELDT and in each of its domains? 
 

Reference the bottom row to view class or program averages. 
 
 
 
 
Example: This program’s average of 4.3 (for Speaking) 
was highest for all the domains, whereas 2.3 (for Reading) 
was its lowest. This program’s Overall average was 3.3.  
 
 
                                 Where can I find more info on the CELDT? 

 

Visit http://www.cde.ca.gov/ta/tg/el/ for resources. 
 

Where can I find more info on analyzing CELDT performance? 
 

Visit the Help system’s Data Analysis manual.  
 

Where can I learn how 
to generate this report 
in my data system?  
 

Visit the Help system’s 
Reports manual.  
 

Who takes the CELDT and when? 
 

All students whose home language is not English must test within 30 calendar days of enrolling in a California 
public school to determine classification as Fluent-English Proficient (FEP) or English Learner (EL). ELs must test 
every year thereafter until they are Reclassified as Fluent-English Proficient (R-FEP). 
 

What do the performance levels mean? 
 

1 = Beginning, 2 = Early Intermediate, 3 = Intermediate, 4 = Early Advanced, 5 = Advanced 
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          Scenario 1: Scenario 1 Participant (Control Group) Handouts 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

                      Scenario 2: Scenario 2 (Footer A) Participant Handouts 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

          Scenario 3: Scenario 3 (Footer B) Participant Handouts 
 



 
 
 
 
 
 
 
 
 
 
 
 

Scenario 4: Scenario 4 Participant (Abstract A) Handouts;  Scenario 5: Scenario 5 Participant (Abstract B) Handouts; 
These Participants Also Received Scenario 1 Handouts  These Participants Also Received Scenario 1 Handouts 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Scenario 6: Scenario 6Participant (Interpretation Guide A) Handouts; These Participants Also Received Scenario 1 Handouts 
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Scenario 7: Scenario 7 Participant (Interpretation Guide B) Handouts; These Participants Also Received Figure 1 Handout
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Appendix D: Code Book for Respondent Data File 

Col-
umn Header/Label Coding/Function 

Respondent 
Row 
Contents 

A # Added 1-211 from Earliest Row of Respondent Data (1) 
to Last Row of Respondent Data (211) to Record 
Original Order of Responses 

Number 

B Timestamp Automatically Added by Google Docs to Respondent's 
Original Data (Not Manipulated) 

Date & Time 

C 1. How long have you worked as an educator 
(e.g., teacher or administrator) for students under 
19 years of age? 

Respondent's Original Data (Not Manipulated) Text 

D 2. Which of the following roles best describes 
your current position? 

Respondent's Original Data (Not Manipulated) Text 

E 3. How proficient are you at analyzing student 
performance data? 

Respondent's Original Data (Not Manipulated) Text 

F 4. Which content cluster is most likely the 
School’s strength? 

Respondent's Original Data (Not Manipulated) Text 

G 5. Which content cluster is most likely the 
School’s weakness? 

Respondent's Original Data (Not Manipulated) Text 

H 6. Which student(s) did NOT score Proficient on 
the CELDT? 

Respondent's Original Data (Not Manipulated) Text 
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I 7. In which area(s) did at least 1 student earn a 
score that PREVENTED him/her from scoring 
Proficient on the CELDT? 

Respondent's Original Data (Not Manipulated) Text 

J What color is your folder? Respondent's Original Data (Not Manipulated) Text 

K 8. The 2 reports you just used did not offer any 
special assistance in analyzing the data. If they 
had been accompanied by text (e.g., a footer, 
guide, or abstract) designed to help you interpret 
the data, would you likely have used the added 
support? 

Applicable Respondent's Original Data (Not 
Manipulated) 

Text 

L 8. The 2 reports you just used contained footers 
with analysis guidelines designed to help  you. 
Did you read these footers before answering 
questions related to the reports? 

Applicable Respondent's Original Data (Not 
Manipulated) 

Text 

M 8. The 2 reports you just used were each 
accompanied by a 1-page abstract (like a  
reference sheet) with analysis guidelines designed 
to help you. Did you read these abstracts/sheets 
before answering questions related to the reports? 

Applicable Respondent's Original Data (Not 
Manipulated) 

Text 

N 8. The 2 reports you just used were each 
accompanied by an interpretation guide (a packet) 
with analysis guidelines designed to help you. Did 
you read these guides before answering questions 
related to the reports? 

Applicable Respondent's Original Data (Not 
Manipulated) 

Text 
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O 9. Lots of professional development happens at 
school sites: for example, demonstrations to 
accompany textbook adoptions, meetings with 
colleagues to share differentiation strategies, 
training on how to use new software, etc. Only 
some professional development specifically 
focuses on how to analyze student data. Within 
the last 12 months, how many hours of 
professional development have you had that 
specifically focused on teaching you how to 
correctly interpret student data? 

Respondent's Original Data (Not Manipulated) Text 

P 10. Educational Measurement refers to the 
analysis of student assessment data to draw 
conclusions about abilities. How many graduate-
level courses have you taken that were specifically 
dedicated to educational measurement (e.g., 
student performance data analysis, measurement 
theory, or psychometrics)? 

Respondent's Original Data (Not Manipulated) Text 

Q Folder/Scenario # Based on Same-Row Cell in Column J (Manually 
Added to Assist Coding: White=1, Green=2, Yellow=3, 
Purple=4, Blue=5, Black=6, Red=7) 

Number 

R Support Use (Value) Concatenated Values from Same-Row Cell in Columns 
K-O (Added to Assist Coding) 

Text 

S School Site Demographics (Manually Added After Each 
Administration) 

Text 
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T County Site Demographics (Manually Added After Each 
Administration) 

Text 

U City Site Demographics (Manually Added After Each 
Administration) 

Text 

V District Site Demographics (Manually Added After Each 
Administration) 

Text 

W 2012 Growth API Site Demographics (Manually Added After Each 
Administration) 

Number 

X English Learners Site Demographics (Manually Added After Each 
Administration) 

Percentage 

Y Socioeconomically Disadvantaged Site Demographics (Manually Added After Each 
Administration) 

Percentage 

Z Students with Disabilities Site Demographics (Manually Added After Each 
Administration) 

Percentage 

AA 1. How long have you worked as an educator 
(e.g., teacher or administrator) for students under 
19 years of age? 

Coded 1-5 Based on Same-Row Cell in Column C Number 

AB 2. Which of the following roles best describes 
your current position? 

Coded 1-4 Based on Same-Row Cell in Column D Number 

AC 3. How proficient are you at analyzing student 
performance data? 

Coded 1-4 Based on Same-Row Cell in Column E Number 
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AD 4. Which content cluster is most likely the 
School’s strength? 

Coded 0-1 Based on Same-Row Cell in Column F Number 

AE 5. Which content cluster is most likely the 
School’s weakness? 

Coded 0-1 Based on Same-Row Cell in Column G Number 

AF 6. Which student(s) did NOT score Proficient on 
the CELDT? 

Coded 0-1 Based on Same-Row Cell in Column H Number 

AG 7. In which area(s) did at least 1 student earn a 
score that PREVENTED him/her from scoring 
Proficient on the CELDT? 

Coded 0-1 Based on Same-Row Cell in Column I Number 

AH 8. The 2 reports you just used did not offer any 
special assistance in analyzing the data. If they 
had been accompanied by text (e.g., a footer, 
guide, or abstract) designed to help you interpret 
the data, would you likely have used the added 
support? 

Coded 1-2 Based on Same-Row Cell in Column K Number 

AI 8. The 2 reports you just used contained footers 
with analysis guidelines designed to help  you. 
Did you read these footers before answering 
questions related to the reports? 

Coded 1-4 Based on Same-Row Cell in Column L Number 

AJ 8. The 2 reports you just used were each 
accompanied by a 1-page abstract (like a  
reference sheet) with analysis guidelines designed 
to help you. Did you read these abstracts/sheets 
before answering questions related to the reports? 

Coded 1-4 Based on Same-Row Cell in Column M Number 
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AK 8. The 2 reports you just used were each 
accompanied by an interpretation guide (a packet) 
with analysis guidelines designed to help you. Did 
you read these guides before answering questions 
related to the reports? 

Coded 1-4 Based on Same-Row Cell in Column N Number 

AL Q8s Combined Concatenated Values from Same-Row Cell in Columns 
AH-AK (Added to Assist Coding) 

Number 

AM 9. Lots of professional development happens at 
school sites: for example, demonstrations to 
accompany textbook adoptions, meetings with 
colleagues to share differentiation strategies, 
training on how to use new software, etc. Only 
some professional development specifically 
focuses on how to analyze student data. Within 
the last 12 months, how many hours of 
professional development have you had that 
specifically focused on teaching you how to 
correctly interpret student data? 

Coded 1-5 Based on Same-Row Cell in Column O Number 

AN 10. Educational Measurement refers to the 
analysis of student assessment data to draw 
conclusions about abilities. How many graduate-
level courses have you taken that were specifically 
dedicated to educational measurement (e.g., 
student performance data analysis, measurement 
theory, or psychometrics)? 

Coded 1-5 Based on Same-Row Cell in Column P Number 
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AO 677 % Correct by Site API (Added Value of Same-Row Cell 
in Column DK When Respondent Was from Site 
Matching Criterion) 

Percentage 

AP 794 % Correct by Site API (Added Value of Same-Row Cell 
in Column DK When Respondent Was from Site 
Matching Criterion) 

Percentage 

AQ 815 % Correct by Site API (Added Value of Same-Row Cell 
in Column DK When Respondent Was from Site 
Matching Criterion) 

Percentage 

AR 827 % Correct by Site API (Added Value of Same-Row Cell 
in Column DK When Respondent Was from Site 
Matching Criterion) 

Percentage 

AS 847 % Correct by Site API (Added Value of Same-Row Cell 
in Column DK When Respondent Was from Site 
Matching Criterion) 

Percentage 

AT 891 % Correct by Site API (Added Value of Same-Row Cell 
in Column DK When Respondent Was from Site 
Matching Criterion) 

Percentage 

AU 893 % Correct by Site API (Added Value of Same-Row Cell 
in Column DK When Respondent Was from Site 
Matching Criterion) 

Percentage 

AV 895 % Correct by Site API (Added Value of Same-Row Cell 
in Column DK When Respondent Was from Site 
Matching Criterion) 

Percentage 
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AW 916 % Correct by Site API (Added Value of Same-Row Cell 
in Column DK When Respondent Was from Site 
Matching Criterion) 

Percentage 

AX 8% % Correct by Site % English Learner (Added Value of 
Same-Row Cell in Column DK When Respondent Was 
from Site Matching Criterion) 

Percentage 

AY 10% % Correct by Site % English Learner (Added Value of 
Same-Row Cell in Column DK When Respondent Was 
from Site Matching Criterion) 

Percentage 

AZ 16% % Correct by Site % English Learner (Added Value of 
Same-Row Cell in Column DK When Respondent Was 
from Site Matching Criterion) 

Percentage 

BA 27% % Correct by Site % English Learner (Added Value of 
Same-Row Cell in Column DK When Respondent Was 
from Site Matching Criterion) 

Percentage 

BB 30% % Correct by Site % English Learner (Added Value of 
Same-Row Cell in Column DK When Respondent Was 
from Site Matching Criterion) 

Percentage 

BC 33% % Correct by Site % English Learner (Added Value of 
Same-Row Cell in Column DK When Respondent Was 
from Site Matching Criterion) 

Percentage 

BD 38% % Correct by Site % English Learner (Added Value of 
Same-Row Cell in Column DK When Respondent Was 
from Site Matching Criterion) 

Percentage 
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BE 45% % Correct by Site % English Learner (Added Value of 
Same-Row Cell in Column DK When Respondent Was 
from Site Matching Criterion) 

Percentage 

BF 46% % Correct by Site % English Learner (Added Value of 
Same-Row Cell in Column DK When Respondent Was 
from Site Matching Criterion) 

Percentage 

BG 22% % Correct by Site % Socioeconomically Disadvantaged 
(Added Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BH 23% % Correct by Site % Socioeconomically Disadvantaged 
(Added Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BI 31% % Correct by Site % Socioeconomically Disadvantaged 
(Added Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BJ 43% % Correct by Site % Socioeconomically Disadvantaged 
(Added Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BK 56% % Correct by Site % Socioeconomically Disadvantaged 
(Added Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BL 61% % Correct by Site % Socioeconomically Disadvantaged 
(Added Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 
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BM 78% % Correct by Site % Socioeconomically Disadvantaged 
(Added Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BN 5% % Correct by Site % Students with Disabilities (Added 
Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BO 8% % Correct by Site % Students with Disabilities (Added 
Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BP 9% % Correct by Site % Students with Disabilities (Added 
Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BQ 10% % Correct by Site % Students with Disabilities (Added 
Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BR 11% % Correct by Site % Students with Disabilities (Added 
Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BS 12% % Correct by Site % Students with Disabilities (Added 
Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

BT 13% % Correct by Site % Students with Disabilities (Added 
Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 
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BU Buena Park Junior High % Correct by Site Name (Added Value of Same-Row 
Cell in Column DK When Respondent Was from Site 
Matching Criterion Name) 

Percentage 

BV Charles G. Emery Elementary % Correct by Site Name (Added Value of Same-Row 
Cell in Column DK When Respondent Was from Site 
Matching Criterion Name) 

Percentage 

BW Creek View Elementary % Correct by Site Name (Added Value of Same-Row 
Cell in Column DK When Respondent Was from Site 
Matching Criterion Name) 

Percentage 

BX Etiwanda Colony Elementary % Correct by Site Name (Added Value of Same-Row 
Cell in Column DK When Respondent Was from Site 
Matching Criterion Name) 

Percentage 

BY Grace Yokely Middle % Correct by Site Name (Added Value of Same-Row 
Cell in Column DK When Respondent Was from Site 
Matching Criterion Name) 

Percentage 

BZ Hermosa Elementary % Correct by Site Name (Added Value of Same-Row 
Cell in Column DK When Respondent Was from Site 
Matching Criterion Name) 

Percentage 

CA Ranch View Elementary % Correct by Site Name (Added Value of Same-Row 
Cell in Column DK When Respondent Was from Site 
Matching Criterion Name) 

Percentage 

CB Rolling Ridge Elementary % Correct by Site Name (Added Value of Same-Row 
Cell in Column DK When Respondent Was from Site 
Matching Criterion Name) 

Percentage 
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CC Sylmar High % Correct by Site Name (Added Value of Same-Row 
Cell in Column DK When Respondent Was from Site 
Matching Criterion Name) 

Percentage 

CD Elem % Correct by Site School Level & School Level Type 
(Added Value of Same-Row Cell in Column DK When 
Respondent Was from Site Matching Criterion) 

Percentage 

CE Mid/Jr % Correct by Site School Level (Added Value of Same-
Row Cell in Column DK When Respondent Was from 
Site Matching Criterion) 

Percentage 

CF High % Correct by Site School Level (Added Value of Same-
Row Cell in Column DK When Respondent Was from 
Site Matching Criterion) 

Percentage 

CG Secondary % Correct by Site School Level Type (Added Value of 
Same-Row Cell in Column DK When Respondent Was 
from Site Matching Criterion) 

Percentage 

CH < 1 yr % Correct by Participant Veteran Status (Added Value of 
Same-Row Cell in Column DK When Respondent 
Answer in Same-Row Cell in Column C Matched 
Criteria) 

Percentage 

CI At least 5 yrs % Correct by Participant Veteran Status (Added Value of 
Same-Row Cell in Column DK When Respondent 
Answer in Same-Row Cell in Column C Matched 
Criteria) 

Percentage 
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CJ At least 10 yrs % Correct by Participant Veteran Status (Added Value of 
Same-Row Cell in Column DK When Respondent 
Answer in Same-Row Cell in Column C Matched 
Criteria) 

Percentage 

CK At least 15 yrs % Correct by Participant Veteran Status (Added Value of 
Same-Row Cell in Column DK When Respondent 
Answer in Same-Row Cell in Column C Matched 
Criteria) 

Percentage 

CL At least 20 yrs % Correct by Participant Veteran Status (Added Value of 
Same-Row Cell in Column DK When Respondent 
Answer in Same-Row Cell in Column C Matched 
Criteria) 

Percentage 

CM Teacher % Correct by Participant Role (Added Value of Same-
Row Cell in Column DK When Respondent Answer in 
Same-Row Cell in Column D Matched Criteria) 

Percentage 

CN Colleague Coach % Correct by Participant Role (Added Value of Same-
Row Cell in Column DK When Respondent Answer in 
Same-Row Cell in Column D Matched Criteria) 

Percentage 

CO Site Admin % Correct by Participant Role (Added Value of Same-
Row Cell in Column DK When Respondent Answer in 
Same-Row Cell in Column D Matched Criteria) 

Percentage 

CP District Admin % Correct by Participant Role (Added Value of Same-
Row Cell in Column DK When Respondent Answer in 
Same-Row Cell in Column D Matched Criteria) 

Percentage 
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CQ Very Prof % Correct by Participant Perceived Data Analysis 
Proficiency (Added Value of Same-Row Cell in Column 
DK When Respondent Answer in Same-Row Cell in 
Column E Matched Criteria) 

Percentage 

CR Somewhat Prof % Correct by Participant Perceived Data Analysis 
Proficiency (Added Value of Same-Row Cell in Column 
DK When Respondent Answer in Same-Row Cell in 
Column E Matched Criteria) 

Percentage 

CS Not Prof % Correct by Participant Perceived Data Analysis 
Proficiency (Added Value of Same-Row Cell in Column 
DK When Respondent Answer in Same-Row Cell in 
Column E Matched Criteria) 

Percentage 

CT Far from Prof % Correct by Participant Perceived Data Analysis 
Proficiency (Added Value of Same-Row Cell in Column 
DK When Respondent Answer in Same-Row Cell in 
Column E Matched Criteria) 

Percentage 

CU 0 hrs % Correct by Participant PD in Data Analysis (Added 
Value of Same-Row Cell in Column DK When 
Respondent Answer in Same-Row Cell in Column O 
Matched Criteria) 

Percentage 

CV 1 hr % Correct by Participant PD in Data Analysis (Added 
Value of Same-Row Cell in Column DK When 
Respondent Answer in Same-Row Cell in Column O 
Matched Criteria) 

Percentage 
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CW 2 hrs % Correct by Participant PD in Data Analysis (Added 
Value of Same-Row Cell in Column DK When 
Respondent Answer in Same-Row Cell in Column O 
Matched Criteria) 

Percentage 

CX 5 hrs % Correct by Participant PD in Data Analysis (Added 
Value of Same-Row Cell in Column DK When 
Respondent Answer in Same-Row Cell in Column O 
Matched Criteria) 

Percentage 

CY 8 or more % Correct by Participant PD in Data Analysis (Added 
Value of Same-Row Cell in Column DK When 
Respondent Answer in Same-Row Cell in Column O 
Matched Criteria) 

Percentage 

CZ 0 courses % Correct by Participant Graduate Courses in 
Educational Measurement (Added Value of Same-Row 
Cell in Column DK When Respondent Answer in Same-
Row Cell in Column P Matched Criteria) 

Percentage 

DA 1 course % Correct by Participant Graduate Courses in 
Educational Measurement (Added Value of Same-Row 
Cell in Column DK When Respondent Answer in Same-
Row Cell in Column P Matched Criteria) 

Percentage 

DB 2 courses % Correct by Participant Graduate Courses in 
Educational Measurement (Added Value of Same-Row 
Cell in Column DK When Respondent Answer in Same-
Row Cell in Column P Matched Criteria) 

Percentage 
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DC 3 courses % Correct by Participant Graduate Courses in 
Educational Measurement (Added Value of Same-Row 
Cell in Column DK When Respondent Answer in Same-
Row Cell in Column P Matched Criteria) 

Percentage 

DD 4 or more % Correct by Participant Graduate Courses in 
Educational Measurement (Added Value of Same-Row 
Cell in Column DK When Respondent Answer in Same-
Row Cell in Column P Matched Criteria) 

Percentage 

DE % for #4 % Correct by Question (Coded 0% or 100% Based on 0 
or 1 in Same-Row Cell in Column AD) 

Percentage 

DF % for #5 % Correct by Question (Coded 0% or 100% Based on 0 
or 1 in Same-Row Cell in Column AE) 

Percentage 

DG % for Rpt 1 % Correct by Report (Mean/Averaged Values from 
Same-Row Cell in Columns DE-DF) 

Percentage 

DH % for #6 % Correct by Question (Coded 0% or 100% Based on 0 
or 1 in Same-Row Cell in Column AF) 

Percentage 

DI % for #7 % Correct by Question (Coded 0% or 100% Based on 0 
or 1 in Same-Row Cell in Column AG) 

Percentage 

DJ % for Rpt 2 % Correct by Report (Mean/Averaged Values from 
Same-Row Cell in Columns DH-DI) 

Percentage 

DK % Overall % Correct Overall (Mean/Averaged Values from Same-
Row Cell in Columns DE, DF, DH, and DI) 

Percentage 
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DL No Sup % % Correct by Scenario (Added Value of Same-Row Cell 
in Column DK When Same-Row Cell in Column Q 
Matched 1) 

Percentage 

DM Support % % Correct by Scenario (No Data, Except in Summary 
Row at Bottom Averaging Every Value in Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 2-7) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

DN Scenario 1 % % Correct by Scenario (Added Value of Same-Row Cell 
in Column DK When Same-Row Cell in Column Q 
Matched 1) 

Percentage 

DO Scenario 2 % % Correct by Scenario (Added Value of Same-Row Cell 
in Column DK When Same-Row Cell in Column Q 
Matched 2) 

Percentage 

DP Scenario 3 % % Correct by Scenario (Added Value of Same-Row Cell 
in Column DK When Same-Row Cell in Column Q 
Matched 1) 

Percentage 

DQ Scenario 2+3 % (Footer) % Correct by Scenario (No Data, Except in Summary 
Row at Bottom Averaging Every Value in Same-Row 
Cell in Columns DO-DP) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

DR Scenario 4 % % Correct by Scenario (Added Value of Same-Row Cell 
in Column DK When Same-Row Cell in Column Q 
Matched 4) 

Percentage 
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DS Scenario 5 % % Correct by Scenario (Added Value of Same-Row Cell 
in Column DK When Same-Row Cell in Column Q 
Matched 5) 

Percentage 

DT Scenario 4+5 % (Abstract) % Correct by Scenario (No Data, Except in Summary 
Row at Bottom Averaging Every Value in Same-Row 
Cell in Columns DR-DS) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

DU Scenario 6 % % Correct by Scenario (Added Value of Same-Row Cell 
in Column DK When Same-Row Cell in Column Q 
Matched 6) 

Percentage 

DV Scenario 7 % % Correct by Scenario (Added Value of Same-Row Cell 
in Column DK When Same-Row Cell in Column Q 
Matched 7) 

Percentage 

DW Scenario 6+7 % (Guide) % Correct by Scenario (No Data, Except in Summary 
Row at Bottom Averaging Every Value in Same-Row 
Cell in Columns DU-DV) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

DX Control: Wouldn't Use % % Correct by Control Use (Added Value of Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 1 and Same-Row Cell in Column AH Matched 
1) 

Percentage 
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DY Control: Would Use % % Correct by Control Use (Added Value of Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 1 and Same-Row Cell in Column AH Matched 
2) 

Percentage 

DZ Footer A: No Use, Q4-5 R1 % Correct by Footer A Use (Added Value of Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 2 and Same-Row Cell in Column AI Matched 1 
or 3) 

Percentage 

EA Footer A: No Use, Q6-7 R2 % Correct by Footer A Use (Added Value of Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 2 and Same-Row Cell in Column AI Matched 1 
or 2) 

Percentage 

EB Footer A: No Use % Correct by Footer A Use (No Data, Except in 
Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns DZ-EA) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

EC Footer A: Use Q4-5 R1 % Correct by Footer A Use (Added Value of Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 2 and Same-Row Cell in Column AI Matched 2 
or 4) 

Percentage 

ED Footer A: Use Q6-7 R2 % Correct by Footer A Use (Added Value of Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 2 and Same-Row Cell in Column AI Matched 3 
or 4) 

Percentage 
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EE Footer A: Use % Correct by Footer A Use (No Data, Except in 
Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns EC-ED) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

EF Footer B: No Use, Q4-5 R1 % Correct by Footer B Use (Added Value of Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 3 and Same-Row Cell in Column AI Matched 1 
or 3) 

Percentage 

EG Footer B: No Use, Q6-7 R2 % Correct by Footer B Use (Added Value of Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 3 and Same-Row Cell in Column AI Matched 1 
or 2) 

Percentage 

EH Footer B: No Use % Correct by Footer B Use (No Data, Except in 
Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns DZ-EA) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

EI Footer B: Use Q4-5 R1 % Correct by Footer B Use (Added Value of Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 3 and Same-Row Cell in Column AI Matched 2 
or 4) 

Percentage 

EJ Footer B: Use Q6-7 R2 % Correct by Footer B Use (Added Value of Same-Row 
Cell in Column DK When Same-Row Cell in Column Q 
Matched 3 and Same-Row Cell in Column AI Matched 3 
or 4) 

Percentage 
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EK Footer B: Use % Correct by Footer B Use (No Data, Except in 
Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns EC-ED) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

EL No Use % Correct by Footer Use (No Data, Except in Summary 
Row at Bottom Averaging Every Value in Same-Row 
Cell in Columns DZ, EA, EF, & EG) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

EM Use % Correct by Footer Use (No Data, Except in Summary 
Row at Bottom Averaging Every Value in Same-Row 
Cell in Columns EC, ED, EI, & EJ) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

EN Abstract A: No Use, Q4-5 R1 % Correct by Abstract A Use (Added Value of Same-
Row Cell in Column DK When Same-Row Cell in 
Column Q Matched 4 and Same-Row Cell in Column AJ 
Matched 1 or 3) 

Percentage 

EO Abstract A: No Use, Q6-7 R2 % Correct by Abstract A Use (Added Value of Same-
Row Cell in Column DK When Same-Row Cell in 
Column Q Matched 4 and Same-Row Cell in Column AJ 
Matched 1 or 2) 

Percentage 
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EP Abstract A: No Use % Correct by Abstract A Use (No Data, Except in 
Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns DZ-EA) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

EQ Abstract A: Use Q4-5 R1 % Correct by Abstract A Use (Added Value of Same-
Row Cell in Column DK When Same-Row Cell in 
Column Q Matched 4 and Same-Row Cell in Column AJ 
Matched 2 or 4) 

Percentage 

ER Abstract A: Use Q6-7 R2 % Correct by Abstract A Use (Added Value of Same-
Row Cell in Column DK When Same-Row Cell in 
Column Q Matched 4 and Same-Row Cell in Column AJ 
Matched 3 or 4) 

Percentage 

ES Abstract A: Use % Correct by Abstract A Use (No Data, Except in 
Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns EC-ED) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

ET Abstract B: No Use, Q4-5 R1 % Correct by Abstract B Use (Added Value of Same-
Row Cell in Column DK When Same-Row Cell in 
Column Q Matched 5 and Same-Row Cell in Column AJ 
Matched 1 or 3) 

Percentage 

EU Abstract B: No Use, Q6-7 R2 % Correct by Abstract B Use (Added Value of Same-
Row Cell in Column DK When Same-Row Cell in 
Column Q Matched 5 and Same-Row Cell in Column AJ 
Matched 1 or 2) 

Percentage 
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EV Abstract B: No Use % Correct by Abstract B Use (No Data, Except in 
Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns DZ-EA) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

EW Abstract B: Use Q4-5 R1 % Correct by Abstract B Use (Added Value of Same-
Row Cell in Column DK When Same-Row Cell in 
Column Q Matched 5 and Same-Row Cell in Column AJ 
Matched 2 or 4) 

Percentage 

EX Abstract B: Use Q6-7 R2 % Correct by Abstract B Use (Added Value of Same-
Row Cell in Column DK When Same-Row Cell in 
Column Q Matched 5 and Same-Row Cell in Column AJ 
Matched 3 or 4) 

Percentage 

EY Abstract B: Use % Correct by Abstract B Use (No Data, Except in 
Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns EC-ED) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

EZ No Use % Correct by Abstract Use (No Data, Except in 
Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns EN, EO, ET, & EU) 

Empty 
(Contents 
Only in 
Summary 
Rows) 
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FA Use % Correct by Abstract Use (No Data, Except in 
Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns EQ, ER, EW, & EX) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

FB Interpretation Guide A: No Use, Q4-5 R1 % Correct by Interpretation Guide A Use (Added Value 
of Same-Row Cell in Column DK When Same-Row Cell 
in Column Q Matched 6 and Same-Row Cell in Column 
AK Matched 1 or 3) 

Percentage 

FC Interpretation Guide A: No Use, Q6-7 R2 % Correct by Interpretation Guide A Use (Added Value 
of Same-Row Cell in Column DK When Same-Row Cell 
in Column Q Matched 6 and Same-Row Cell in Column 
AK Matched 1 or 2) 

Percentage 

FD Interpretation Guide A: No Use % Correct by Interpretation Guide A Use (No Data, 
Except in Summary Row at Bottom Averaging Every 
Value in Same-Row Cell in Columns DZ-EA) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

FE Interpretation Guide A: Use Q4-5 R1 % Correct by Interpretation Guide A Use (Added Value 
of Same-Row Cell in Column DK When Same-Row Cell 
in Column Q Matched 6 and Same-Row Cell in Column 
AK Matched 2 or 4) 

Percentage 

FF Interpretation Guide A: Use Q6-7 R2 % Correct by Interpretation Guide A Use (Added Value 
of Same-Row Cell in Column DK When Same-Row Cell 
in Column Q Matched 6 and Same-Row Cell in Column 
AK Matched 3 or 4) 

Percentage 
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FG Interpretation Guide A: Use % Correct by Interpretation Guide A Use (No Data, 
Except in Summary Row at Bottom Averaging Every 
Value in Same-Row Cell in Columns EC-ED) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

FH Interpretation Guide B: No Use, Q4-5 R1 % Correct by Interpretation Guide B Use (Added Value 
of Same-Row Cell in Column DK When Same-Row Cell 
in Column Q Matched 7 and Same-Row Cell in Column 
AK Matched 1 or 3) 

Percentage 

FI Interpretation Guide B: No Use, Q6-7 R2 % Correct by Interpretation Guide B Use (Added Value 
of Same-Row Cell in Column DK When Same-Row Cell 
in Column Q Matched 7 and Same-Row Cell in Column 
AK Matched 1 or 2) 

Percentage 

FJ Interpretation Guide B: No Use % Correct by Interpretation Guide B Use (No Data, 
Except in Summary Row at Bottom Averaging Every 
Value in Same-Row Cell in Columns DZ-EA) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

FK Interpretation Guide B: Use Q4-5 R1 % Correct by Interpretation Guide B Use (Added Value 
of Same-Row Cell in Column DK When Same-Row Cell 
in Column Q Matched 7 and Same-Row Cell in Column 
AK Matched 2 or 4) 

Percentage 

FL Interpretation Guide B: Use Q6-7 R2 % Correct by Interpretation Guide B Use (Added Value 
of Same-Row Cell in Column DK When Same-Row Cell 
in Column Q Matched 7 and Same-Row Cell in Column 
AK Matched 3 or 4) 

Percentage 
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FM Interpretation Guide B: Use % Correct by Interpretation Guide B Use (No Data, 
Except in Summary Row at Bottom Averaging Every 
Value in Same-Row Cell in Columns EC-ED) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

FN No Use % Correct by Interpretation Guide Use (No Data, Except 
in Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns FB, FC, FH, & FI) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

FO Use % Correct by Interpretation Guide Use (No Data, Except 
in Summary Row at Bottom Averaging Every Value in 
Same-Row Cell in Columns FE, FF, FK, & FL) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

FP Supports Not Used % Correct by Support Use (No Data, Except in Summary 
Row at Bottom Averaging Every Value in Same-Row 
Cell in Columns DL, DZ, EA, EF, EG, EN, EO, ET, EU, 
FB, FC, FH, & FI) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

FQ Supports Avail. But Not Used % Correct by Support Use (No Data, Except in Summary 
Row at Bottom Averaging Every Value in Same-Row 
Cell in Columns DZ, EA, EF, EG, EN, EO, ET, EU, FB, 
FC, FH, & FI) 

Empty 
(Contents 
Only in 
Summary 
Rows) 
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FR Supports Used % Correct by Support Use (No Data, Except in Summary 
Row at Bottom Averaging Every Value in Same-Row 
Cell in Columns EC, ED, EI, EJ, EQ, ER, EW, EX, FE, 
FF, FK, & FL) 

Empty 
(Contents 
Only in 
Summary 
Rows) 

FS 677 Instance/Likelihood of Using Support by Site API 
(Added Value of Same-Row Cell in Column IO When 
Respondent Was from Site Matching Criterion) 

Percentage 

FT 794 Instance/Likelihood of Using Support by Site API 
(Added Value of Same-Row Cell in Column IO When 
Respondent Was from Site Matching Criterion) 

Percentage 

FU 815 Instance/Likelihood of Using Support by Site API 
(Added Value of Same-Row Cell in Column IO When 
Respondent Was from Site Matching Criterion) 

Percentage 

FV 827 Instance/Likelihood of Using Support by Site API 
(Added Value of Same-Row Cell in Column IO When 
Respondent Was from Site Matching Criterion) 

Percentage 

FW 847 Instance/Likelihood of Using Support by Site API 
(Added Value of Same-Row Cell in Column IO When 
Respondent Was from Site Matching Criterion) 

Percentage 

FX 891 Instance/Likelihood of Using Support by Site API 
(Added Value of Same-Row Cell in Column IO When 
Respondent Was from Site Matching Criterion) 

Percentage 
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FY 893 Instance/Likelihood of Using Support by Site API 
(Added Value of Same-Row Cell in Column IO When 
Respondent Was from Site Matching Criterion) 

Percentage 

FZ 895 Instance/Likelihood of Using Support by Site API 
(Added Value of Same-Row Cell in Column IO When 
Respondent Was from Site Matching Criterion) 

Percentage 

GA 916 Instance/Likelihood of Using Support by Site API 
(Added Value of Same-Row Cell in Column IO When 
Respondent Was from Site Matching Criterion) 

Percentage 

GB 8% Instance/Likelihood of Using Support by Site % English 
Learner (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 

GC 10% Instance/Likelihood of Using Support by Site % English 
Learner (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 

GD 16% Instance/Likelihood of Using Support by Site % English 
Learner (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 

GE 27% Instance/Likelihood of Using Support by Site % English 
Learner (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 

GF 30% Instance/Likelihood of Using Support by Site % English 
Learner (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 
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GG 33% Instance/Likelihood of Using Support by Site % English 
Learner (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 

GH 38% Instance/Likelihood of Using Support by Site % English 
Learner (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 

GI 45% Instance/Likelihood of Using Support by Site % English 
Learner (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 

GJ 46% Instance/Likelihood of Using Support by Site % English 
Learner (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 

GK 22% Instance/Likelihood of Using Support by Site % 
Socioeconomically Disadvantaged (Added Value of 
Same-Row Cell in Column IO When Respondent Was 
from Site Matching Criterion) 

Percentage 

GL 23% Instance/Likelihood of Using Support by Site % 
Socioeconomically Disadvantaged (Added Value of 
Same-Row Cell in Column IO When Respondent Was 
from Site Matching Criterion) 

Percentage 

GM 31% Instance/Likelihood of Using Support by Site % 
Socioeconomically Disadvantaged (Added Value of 
Same-Row Cell in Column IO When Respondent Was 
from Site Matching Criterion) 

Percentage 
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GN 43% Instance/Likelihood of Using Support by Site % 
Socioeconomically Disadvantaged (Added Value of 
Same-Row Cell in Column IO When Respondent Was 
from Site Matching Criterion) 

Percentage 

GO 56% Instance/Likelihood of Using Support by Site % 
Socioeconomically Disadvantaged (Added Value of 
Same-Row Cell in Column IO When Respondent Was 
from Site Matching Criterion) 

Percentage 

GP 61% Instance/Likelihood of Using Support by Site % 
Socioeconomically Disadvantaged (Added Value of 
Same-Row Cell in Column IO When Respondent Was 
from Site Matching Criterion) 

Percentage 

GQ 78% Instance/Likelihood of Using Support by Site % 
Socioeconomically Disadvantaged (Added Value of 
Same-Row Cell in Column IO When Respondent Was 
from Site Matching Criterion) 

Percentage 

GR 5% Instance/Likelihood of Using Support by Site % Students 
with Disabilities (Added Value of Same-Row Cell in 
Column IO When Respondent Was from Site Matching 
Criterion) 

Percentage 

GS 8% Instance/Likelihood of Using Support by Site % Students 
with Disabilities (Added Value of Same-Row Cell in 
Column IO When Respondent Was from Site Matching 
Criterion) 

Percentage 
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GT 9% Instance/Likelihood of Using Support by Site % Students 
with Disabilities (Added Value of Same-Row Cell in 
Column IO When Respondent Was from Site Matching 
Criterion) 

Percentage 

GU 10% Instance/Likelihood of Using Support by Site % Students 
with Disabilities (Added Value of Same-Row Cell in 
Column IO When Respondent Was from Site Matching 
Criterion) 

Percentage 

GV 11% Instance/Likelihood of Using Support by Site % Students 
with Disabilities (Added Value of Same-Row Cell in 
Column IO When Respondent Was from Site Matching 
Criterion) 

Percentage 

GW 12% Instance/Likelihood of Using Support by Site % Students 
with Disabilities (Added Value of Same-Row Cell in 
Column IO When Respondent Was from Site Matching 
Criterion) 

Percentage 

GX 13% Instance/Likelihood of Using Support by Site % Students 
with Disabilities (Added Value of Same-Row Cell in 
Column IO When Respondent Was from Site Matching 
Criterion) 

Percentage 

GY Elem Instance/Likelihood of Using Support by Site School 
Level & School Level Type (Added Value of Same-Row 
Cell in Column IO When Respondent Was from Site 
Matching Criterion) 

Percentage 
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GZ Mid/Jr Instance/Likelihood of Using Support by Site School 
Level (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 

HA High Instance/Likelihood of Using Support by Site School 
Level (Added Value of Same-Row Cell in Column IO 
When Respondent Was from Site Matching Criterion) 

Percentage 

HB Secondary Instance/Likelihood of Using Support by Site School 
Level Type (Added Value of Same-Row Cell in Column 
IO When Respondent Was from Site Matching Criterion) 

Percentage 

HC < 1 yr Instance/Likelihood of Using Support by Participant 
Veteran Status (Added Value of Same-Row Cell in 
Column IO When Respondent Answer in Same-Row 
Cell in Column C Matched Criteria) 

Percentage 

HD At least 5 yrs Instance/Likelihood of Using Support by Participant 
Veteran Status (Added Value of Same-Row Cell in 
Column IO When Respondent Answer in Same-Row 
Cell in Column C Matched Criteria) 

Percentage 

HE At least 10 yrs Instance/Likelihood of Using Support by Participant 
Veteran Status (Added Value of Same-Row Cell in 
Column IO When Respondent Answer in Same-Row 
Cell in Column C Matched Criteria) 

Percentage 

HF At least 15 yrs Instance/Likelihood of Using Support by Participant 
Veteran Status (Added Value of Same-Row Cell in 
Column IO When Respondent Answer in Same-Row 
Cell in Column C Matched Criteria) 

Percentage 
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HG At least 20 yrs Instance/Likelihood of Using Support by Participant 
Veteran Status (Added Value of Same-Row Cell in 
Column IO When Respondent Answer in Same-Row 
Cell in Column C Matched Criteria) 

Percentage 

HH Teacher Instance/Likelihood of Using Support by Participant Role 
(Added Value of Same-Row Cell in Column IO When 
Respondent Answer in Same-Row Cell in Column D 
Matched Criteria) 

Percentage 

HI Colleague Coach Instance/Likelihood of Using Support by Participant Role 
(Added Value of Same-Row Cell in Column IO When 
Respondent Answer in Same-Row Cell in Column D 
Matched Criteria) 

Percentage 

HJ Site Admin Instance/Likelihood of Using Support by Participant Role 
(Added Value of Same-Row Cell in Column IO When 
Respondent Answer in Same-Row Cell in Column D 
Matched Criteria) 

Percentage 

HK District Admin Instance/Likelihood of Using Support by Participant Role 
(Added Value of Same-Row Cell in Column IO When 
Respondent Answer in Same-Row Cell in Column D 
Matched Criteria) 

Percentage 

HL Very Prof Instance/Likelihood of Using Support by Participant 
Perceived Data Analysis Proficiency (Added Value of 
Same-Row Cell in Column IO When Respondent 
Answer in Same-Row Cell in Column E Matched 
Criteria) 

Percentage 
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HM Somewhat Prof Instance/Likelihood of Using Support by Participant 
Perceived Data Analysis Proficiency (Added Value of 
Same-Row Cell in Column IO When Respondent 
Answer in Same-Row Cell in Column E Matched 
Criteria) 

Percentage 

HN Not Prof Instance/Likelihood of Using Support by Participant 
Perceived Data Analysis Proficiency (Added Value of 
Same-Row Cell in Column IO When Respondent 
Answer in Same-Row Cell in Column E Matched 
Criteria) 

Percentage 

HO Far from Prof Instance/Likelihood of Using Support by Participant 
Perceived Data Analysis Proficiency (Added Value of 
Same-Row Cell in Column IO When Respondent 
Answer in Same-Row Cell in Column E Matched 
Criteria) 

Percentage 

HP 0 hrs Instance/Likelihood of Using Support by Participant PD 
in Data Analysis (Added Value of Same-Row Cell in 
Column IO When Respondent Answer in Same-Row 
Cell in Column O Matched Criteria) 

Percentage 

HQ 1 hr Instance/Likelihood of Using Support by Participant PD 
in Data Analysis (Added Value of Same-Row Cell in 
Column IO When Respondent Answer in Same-Row 
Cell in Column O Matched Criteria) 

Percentage 
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HR 2 hrs Instance/Likelihood of Using Support by Participant PD 
in Data Analysis (Added Value of Same-Row Cell in 
Column IO When Respondent Answer in Same-Row 
Cell in Column O Matched Criteria) 

Percentage 

HS 5 hrs Instance/Likelihood of Using Support by Participant PD 
in Data Analysis (Added Value of Same-Row Cell in 
Column IO When Respondent Answer in Same-Row 
Cell in Column O Matched Criteria) 

Percentage 

HT 8 or more Instance/Likelihood of Using Support by Participant PD 
in Data Analysis (Added Value of Same-Row Cell in 
Column IO When Respondent Answer in Same-Row 
Cell in Column O Matched Criteria) 

Percentage 

HU 0 courses Instance/Likelihood of Using Support by Participant 
Graduate Courses in Educational Measurement (Added 
Value of Same-Row Cell in Column IO When 
Respondent Answer in Same-Row Cell in Column P 
Matched Criteria) 

Percentage 

HV 1 course Instance/Likelihood of Using Support by Participant 
Graduate Courses in Educational Measurement (Added 
Value of Same-Row Cell in Column IO When 
Respondent Answer in Same-Row Cell in Column P 
Matched Criteria) 

Percentage 
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HW 2 courses Instance/Likelihood of Using Support by Participant 
Graduate Courses in Educational Measurement (Added 
Value of Same-Row Cell in Column IO When 
Respondent Answer in Same-Row Cell in Column P 
Matched Criteria) 

Percentage 

HX 3 courses Instance/Likelihood of Using Support by Participant 
Graduate Courses in Educational Measurement (Added 
Value of Same-Row Cell in Column IO When 
Respondent Answer in Same-Row Cell in Column P 
Matched Criteria) 

Percentage 

HY 4 or more Instance/Likelihood of Using Support by Participant 
Graduate Courses in Educational Measurement (Added 
Value of Same-Row Cell in Column IO When 
Respondent Answer in Same-Row Cell in Column P 
Matched Criteria) 

Percentage 

HZ No Sup % Instance/Likelihood of Using Support by Scenario 
(Added Value of Same-Row Cell in Column IO When 
Same-Row Cell in Column Q Matched 1) 

Percentage 

IA Support % Instance/Likelihood of Using Support by Scenario (No 
Data, Except in Summary Row at Bottom Averaging 
Every Value in Same-Row Cell in Column DK When 
Same-Row Cell in Column Q Matched 2-7) 

Percentage 

IB Scenario 1 % Instance/Likelihood of Using Support by Scenario 
(Added Value of Same-Row Cell in Column IO When 
Same-Row Cell in Column Q Matched 1) 

Percentage 



449 
 

IC Scenario 2 % Instance/Likelihood of Using Support by Scenario 
(Added Value of Same-Row Cell in Column IO When 
Same-Row Cell in Column Q Matched 2) 

Percentage 

ID Scenario 3 % Instance/Likelihood of Using Support by Scenario 
(Added Value of Same-Row Cell in Column IO When 
Same-Row Cell in Column Q Matched 1) 

Percentage 

IE Scenario 2+3 % (Footer) Instance/Likelihood of Using Support by Scenario (No 
Data, Except in Summary Row at Bottom Averaging 
Every Value in Same-Row Cell in Columns DO-DP) 

Percentage 

IF Scenario 4 % Instance/Likelihood of Using Support by Scenario 
(Added Value of Same-Row Cell in Column IO When 
Same-Row Cell in Column Q Matched 4) 

Percentage 

IG Scenario 5 % Instance/Likelihood of Using Support by Scenario 
(Added Value of Same-Row Cell in Column IO When 
Same-Row Cell in Column Q Matched 5) 

Percentage 

IH Scenario 4+5 % (Abstract) Instance/Likelihood of Using Support by Scenario (No 
Data, Except in Summary Row at Bottom Averaging 
Every Value in Same-Row Cell in Columns DR-DS) 

Percentage 

II Scenario 6 % Instance/Likelihood of Using Support by Scenario 
(Added Value of Same-Row Cell in Column IO When 
Same-Row Cell in Column Q Matched 6) 

Percentage 

IJ Scenario 7 % Instance/Likelihood of Using Support by Scenario 
(Added Value of Same-Row Cell in Column IO When 
Same-Row Cell in Column Q Matched 7) 

Percentage 
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IK Scenario 6+7 % (Guide) Instance/Likelihood of Using Support by Scenario (No 
Data, Except in Summary Row at Bottom Averaging 
Every Value in Same-Row Cell in Columns DU-DV) 

Percentage 

IL Support Use (Code) Coded 1-4 Based on Same-Row Cell in Columns Q and 
AL 

Number 

IM R1 Support Use (%) Instance/Likelihood of Using Support by Report (Added 
0% or 100% Based on Whether Value of Same-Row Cell 
in Column AL Indicated Support Was Used for Report 1) 

Percentage 

IN R2 Support Use (%) Instance/Likelihood of Using Support by Report (Added 
0% or 100% Based on Whether Value of Same-Row Cell 
in Column AL Indicated Support Was Used for Report 2) 

Percentage 

IO Support Use (%) Instance/Likelihood of Using Support (Added % to 
Match Value of Same-Row Cell in Column AL) 

Percentage 

IP Support Access Whether or Not Support Was Present (Added 0 When 
Same-Row Cell in Column Q Matched 1 and Added 1 
When Same-Row Cell in Column Q Matched 2-7) 

Number 

IQ For Use: Q4 Correct? Coded 0-1 Based on Same-Row Cell Value in Column 
DE (100% Becomes 1, 0% Becomes 0) 

Number 

IR For Use: Q4 Support Used? Coded 0 (Not Used) or 1 (Used) Based on Value of 
Same-Row Cell in Column AL and Its Indication of 
Wether or Not Support Was Used for Report 1 Questions 
(1 and 2 Column AL Values Become 0, 3 and 4 Column 
AL Values Become 1, and all Rows with 1 in Column Q 
Become 0) 

Number 
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IS For Use: Q5 Correct? Coded 0-1 Based on Same-Row Cell Value in Column 
DF (100% Becomes 1, 0% Becomes 0) 

Number 

IT For Use: Q5 Support Used? Added Value of Same-Row Cell in Column IR (to 
Minimize Human Error When Pasting Paired Data from 
Columns IS and IT into PASW SPSS) 

Number 

IU For Use: Q6 Correct? Coded 0-1 Based on Same-Row Cell Value in Column 
DH (100% Becomes 1, 0% Becomes 0) 

Number 

IV For Use: Q6 Support Used? Coded 0 (Not Used) or 1 (Used) Based on Value of 
Same-Row Cell in Column AL and Its Indication of 
Wether or Not Support Was Used for Report 2 Questions  
(1 and 3 Column AL Values Become 0, 2 and 4 Column 
AL Values Become 1, and all Rows with 1 in Column Q 
Become 0) 

Number 

IW For Use: Q7 Correct? Coded 0-1 Based on Same-Row Cell Value in Column 
DI (100% Becomes 1, 0% Becomes 0) 

Number 

IX For Use: Q7 Support Used? Added Value of Same-Row Cell in Column IV (to 
Minimize Human Error When Pasting Paired Data from 
Columns IS and IT into PASW SPSS) 

Number 

IY For Access: Q4 Correct? Added Value of Same-Row Cell in Column IQ (to 
Minimize Human Error When Pasting Paired Data from 
Columns IY and IZ into PASW SPSS) 

Number 

IZ For Access: Q4 Support Access? Added Value of Same-Row Cell in Column IP (to 
Minimize Human Error When Pasting Paired Data from 
Columns IY and IZ into PASW SPSS) 

Number 
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JA For Access: Q5 Correct? Added Value of Same-Row Cell in Column IS (to 
Minimize Human Error When Pasting Paired Data from 
Columns JA and JB into PASW SPSS) 

Number 

JB For Access: Q5 Support Access? Added Value of Same-Row Cell in Column IP (to 
Minimize Human Error When Pasting Paired Data from 
Columns JA and JB into PASW SPSS) 

Number 

JC For Access: Q6 Correct? Added Value of Same-Row Cell in Column IU (to 
Minimize Human Error When Pasting Paired Data from 
Columns JC and JD into PASW SPSS) 

Number 

JD For Access: Q6 Support Access? Added Value of Same-Row Cell in Column IP (to 
Minimize Human Error When Pasting Paired Data from 
Columns JC and JD into PASW SPSS) 

Number 

JE For Access: Q7 Correct? Added Value of Same-Row Cell in Column IW (to 
Minimize Human Error When Pasting Paired Data from 
Columns JE and JF into PASW SPSS) 

Number 

JF For Access: Q7 Support Access? Added Value of Same-Row Cell in Column IP (to 
Minimize Human Error When Pasting Paired Data from 
Columns JE and JF into PASW SPSS) 

Number 

JG School Level Type Coded 1-2 (Elementary-Secondary) Based on Value of 
Same-Row Cell in Column S 

Number 

JH School Level Coded 1-3 (Elementary-High) Based on Value of Same-
Row Cell in Column S 

Number 
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Appendix E: Independent Samples T-Test for Support Use 

Group Statistics 

 Support Use (0 Not Used, 1 
Used) N Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 426 .07 

1 418 .45 

 
Group Statistics 

 Support Use (0 Not Used, 1 
Used) Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 .260 .013 

1 .499 .024 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 1059.423 .000 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -13.985 842 .000 

Equal variances not 
assumed 

-13.910 625.660 .000 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.382 .027 

Equal variances not 
assumed 

-.382 .027 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.435 -.328 

Equal variances not 
assumed 

-.436 -.328 
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Appendix F: Independent Samples T-Test for Footer Use 

Group Statistics 

 Footer Use (Not Used, 1 
Used) N Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 190 .09 

1 174 .44 

 
Group Statistics 

 Footer Use (Not Used, 1 
Used) Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 .294 .021 

1 .498 .038 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 302.184 .000 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -8.195 362 .000 

Equal variances not 
assumed 

-8.022 275.119 .000 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.348 .042 

Equal variances not 
assumed 

-.348 .043 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.431 -.264 

Equal variances not 
assumed 

-.433 -.262 
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Appendix G: Independent Samples T-Test for Abstract Use 

Group Statistics 

 Abstract Use (0 Not Used, 1 
Used) N Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 244 .10 

1 120 .37 

 
Group Statistics 

 Abstract Use (0 Not Used, 1 
Used) Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 .298 .019 

1 .484 .044 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 150.505 .000 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -6.507 362 .000 

Equal variances not 
assumed 

-5.575 164.850 .000 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.268 .041 

Equal variances not 
assumed 

-.268 .048 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.349 -.187 

Equal variances not 
assumed 

-.363 -.173 
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Appendix H: Independent Samples T-Test for Interpretation Guide Use 

Group Statistics 

 Interp. Guide Use (0 Not 
Used, 1 Used) N Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 240 .07 

1 124 .56 

 
Group Statistics 

 Interp. Guide Use (0 Not 
Used, 1 Used) Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 .257 .017 

1 .499 .045 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 322.455 .000 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -12.265 362 .000 

Equal variances not 
assumed 

-10.166 157.550 .000 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.486 .040 

Equal variances not 
assumed 

-.486 .048 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.563 -.408 

Equal variances not 
assumed 

-.580 -.391 
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Appendix I: Independent Samples T-Test for Support Presence 

Group Statistics 

 Support Presence (0 Not 
Present, 1 Present) N Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 124 .11 

1 720 .29 

 
Group Statistics 

 Support Presence (0 Not 
Present, 1 Present) Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 .318 .029 

1 .453 .017 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 114.558 .000 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -4.121 842 .000 

Equal variances not 
assumed 

-5.266 219.531 .000 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.175 .042 

Equal variances not 
assumed 

-.175 .033 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.258 -.091 

Equal variances not 
assumed 

-.240 -.109 
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Appendix J: Independent Samples T-Test for Footer Presence 

Group Statistics 

 Footer Presence (0 Not 
Present, 1 Present) N Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 124 .11 

1 240 .34 

 
Group Statistics 

 Footer Presence (0 Not 
Present, 1 Present) Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 .318 .029 

1 .474 .031 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 137.571 .000 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -4.753 362 .000 

Equal variances not 
assumed 

-5.369 338.226 .000 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.225 .047 

Equal variances not 
assumed 

-.225 .042 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.318 -.132 

Equal variances not 
assumed 

-.307 -.142 
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Appendix K: Independent Samples T-Test for Abstract Presence 

Group Statistics 

 Abstract Presence (0 Not 
Present, 1 Present) N Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 124 .11 

1 240 .23 

 
Group Statistics 

 Abstract Presence (0 Not 
Present, 1 Present) Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 .318 .029 

1 .418 .027 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 32.438 .000 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -2.618 362 .009 

Equal variances not 
assumed 

-2.853 312.890 .005 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.112 .043 

Equal variances not 
assumed 

-.112 .039 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.196 -.028 

Equal variances not 
assumed 

-.189 -.035 
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Appendix L: Independent Samples T-Test for Interpretation Guide Presence 

Group Statistics 

 Interp. Guide Presence (0 
Not Present, 1 Present) N Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 124 .11 

1 240 .30 

 
Group Statistics 

 Interp. Guide Presence (0 
Not Present, 1 Present) Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

0 .318 .029 

1 .459 .030 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 92.109 .000 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -4.061 362 .000 

Equal variances not 
assumed 

-4.547 332.451 .000 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.187 .046 

Equal variances not 
assumed 

-.187 .041 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.278 -.096 

Equal variances not 
assumed 

-.268 -.106 
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Appendix M: Independent Samples T-Test for Footer Format 

Group Statistics 

 Footer Format (2 Shorter, 3 
Longer) N Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

2 30 35.83 

3 30 31.67 

 
Group Statistics 

 Footer Format (2 Shorter, 3 
Longer) Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

2 32.618 5.955 

3 33.434 6.104 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed .063 .803 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed .489 58 .627 

Equal variances not 
assumed 

.489 57.965 .627 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 4.167 8.528 

Equal variances not 
assumed 

4.167 8.528 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -12.904 21.237 

Equal variances not 
assumed 

-12.904 21.237 
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Appendix N: Independent Samples T-Test for Abstract Format 

Group Statistics 

 Abstract Format (4 
Less Dense, 5 
Denser) N Mean Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

4 30 20.83 27.919 5.097 

5 30 24.17 36.248 6.618 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed .832 .365 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -.399 58 .691 

Equal variances not 
assumed 

-.399 54.450 .691 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -3.333 8.353 

Equal variances not 
assumed 

-3.333 8.353 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -20.055 13.388 

Equal variances not 
assumed 

-20.078 13.411 
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Appendix O: Independent Samples T-Test for Interpretation Guide Format 

Group Statistics 

 Interp. Guide Format (6 2-
Page, 7 3-Page) N Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

6 30 31.67 

7 30 28.33 

 
Group Statistics 

 Interp. Guide Format (6 2-
Page, 7 3-Page) Std. Deviation Std. Error Mean 

Analysis Accuracy (% 
Correct) 

dimension1 

6 37.677 6.879 

7 29.165 5.325 

 
Independent Samples Test 

 
Levene's Test for Equality of 

Variances 

F Sig. 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 2.165 .147 

Equal variances not 
assumed 

  
 

Independent Samples Test 

 t-test for Equality of Means 

t df Sig. (2-tailed) 

Analysis Accuracy (% 
Correct) 

Equal variances assumed .383 58 .703 

Equal variances not 
assumed 

.383 54.572 .703 

 
Independent Samples Test 

 
t-test for Equality of Means 

Mean 
Difference 

Std. Error 
Difference 

Analysis Accuracy (% 
Correct) 

Equal variances assumed 3.333 8.699 

Equal variances not 
assumed 

3.333 8.699 

 
Independent Samples Test 

 
t-test for Equality of Means 

95% Confidence Interval of the 
Difference 

Lower Upper 

Analysis Accuracy (% 
Correct) 

Equal variances assumed -14.079 20.746 

Equal variances not 
assumed 

-14.103 20.769 
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Appendix P: Crosstabulated Chi-Square Tests for Variable Relationship with Data 

Analysis Accuracy 

School Level Type 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

School Level Type (1 Elem., 
2 Sec.) * Analysis Accuracy 
(% Correct) 

211 100.0% 0 .0% 211 100.0% 

 
School Level Type (1 Elem., 2 Sec.) * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

Total 0% 100% 25% 50% 75% 

School Level Type (1 Elem., 
2 Sec.) 

1 67 10 16 37 2 132 

2 42 7 7 19 4 79 
Total 109 17 23 56 6 211 

 
Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 3.122
a
 4 .538 

Likelihood Ratio 3.048 4 .550 
N of Valid Cases 211   
a. 2 cells (20.0%) have expected count less than 5. The minimum 
expected count is 2.25. 

 
School Level 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

School Level (1 Elem., 2 
Mid./Jr., 3 High) * Analysis 
Accuracy (% Correct) 

211 100.0% 0 .0% 211 100.0% 

 
School Level (1 Elem., 2 Mid./Jr., 3 High) * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

Total 0% 100% 25% 50% 75% 

School Level (1 Elem., 2 
Mid./Jr., 3 High) 

1 67 10 16 37 2 132 

2 26 4 4 12 1 47 

3 16 3 3 7 3 32 
Total 109 17 23 56 6 211 
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Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 6.869
a
 8 .551 

Likelihood Ratio 5.251 8 .730 
N of Valid Cases 211   
a. 6 cells (40.0%) have expected count less than 5. The minimum 
expected count is .91. 

 
Academic Performance 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

API * Analysis Accuracy (% 
Correct) 

211 100.0% 0 .0% 211 100.0% 

 
API * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

Total 0% 100% 25% 50% 75% 

API 677 16 3 3 7 3 32 

794 20 1 4 8 0 33 

815 13 1 0 10 0 24 

827 6 3 0 4 1 14 

847 11 1 3 7 0 22 

891 14 3 3 8 0 28 

893 8 2 2 4 0 16 

895 13 3 5 8 2 31 

916 8 0 3 0 0 11 
Total 109 17 23 56 6 211 

 
Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 33.439
a
 32 .397 

Likelihood Ratio 40.837 32 .136 
N of Valid Cases 211   
a. 30 cells (66.7%) have expected count less than 5. The minimum 
expected count is .31. 

 
English Learner Population 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

English Learner * Analysis 
Accuracy (% Correct) 

211 100.0% 0 .0% 211 100.0% 
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English Learner * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

Total 0% 100% 25% 50% 75% 

English Learner 10% 13 3 5 8 2 31 

16% 8 0 3 0 0 11 

27% 11 1 3 7 0 22 

30% 20 1 4 8 0 33 

33% 13 1 0 10 0 24 

38% 16 3 3 7 3 32 

45% 6 3 0 4 1 14 

46% 14 3 3 8 0 28 

8% 8 2 2 4 0 16 
Total 109 17 23 56 6 211 

 
Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 33.439
a
 32 .397 

Likelihood Ratio 40.837 32 .136 
N of Valid Cases 211   
a. 30 cells (66.7%) have expected count less than 5. The minimum 
expected count is .31. 

 
Socioeconomically Disadvantaged Population 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Socioeconomically 
Disadvantaged * Analysis 
Accuracy (% Correct) 

211 100.0% 0 .0% 211 100.0% 

 
Socioeconomically Disadvantaged * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

Total 0% 100% 25% 50% 75% 

Socioeconomically 
Disadvantaged 

22% 8 0 3 0 0 11 

23% 13 3 5 8 2 31 

31% 8 2 2 4 0 16 

43% 14 3 3 8 0 28 

56% 11 1 3 7 0 22 

61% 33 2 4 18 0 57 

78% 22 6 3 11 4 46 
Total 109 17 23 56 6 211 
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Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 26.870
a
 24 .311 

Likelihood Ratio 31.484 24 .140 
N of Valid Cases 211   
a. 21 cells (60.0%) have expected count less than 5. The minimum 
expected count is .31. 

 
Students with Disabilities Population 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Students with Disabilities * 
Analysis Accuracy (% 
Correct) 

211 100.0% 0 .0% 211 100.0% 

 
Students with Disabilities * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

Total 0% 100% 25% 50% 75% 

Students with Disabilities 10% 19 1 6 7 0 33 

11% 20 1 4 8 0 33 

12% 16 3 3 7 3 32 

13% 13 3 5 8 2 31 

5% 8 2 2 4 0 16 

8% 14 3 3 8 0 28 

9% 19 4 0 14 1 38 
Total 109 17 23 56 6 211 

 
Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 22.823
a
 24 .530 

Likelihood Ratio 27.941 24 .263 
N of Valid Cases 211   
a. 22 cells (62.9%) have expected count less than 5. The minimum 
expected count is .45. 

 
Veteran Status 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Veteran Status * Analysis 
Accuracy (% Correct) 

211 100.0% 0 .0% 211 100.0% 

 
  



468 
 

 

Veteran Status * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

Total 0% 100% 25% 50% 75% 

Veteran Status 10 years 15 5 6 5 2 33 

15 years 32 6 7 22 0 67 

20 or more years 53 4 9 20 3 89 

5 years 8 2 1 8 1 20 

less than 1 year 1 0 0 1 0 2 
Total 109 17 23 56 6 211 

 
 

Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 16.879
a
 16 .393 

Likelihood Ratio 18.578 16 .291 
N of Valid Cases 211   
a. 13 cells (52.0%) have expected count less than 5. The minimum 
expected count is .06. 

 
Role 
 

Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Role * Analysis Accuracy (% 
Correct) 

211 100.0% 0 .0% 211 100.0% 

 
 

Role * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

Total 0% 100% 25% 50% 75% 

Role Colleague Coach (e.g., 
Teacher on Special 
Assignment) 

1 0 0 1 0 2 

District Administrator 0 1 0 1 0 2 

Site/School Administrator 5 1 2 0 0 8 

Teacher 103 15 21 54 6 199 
Total 109 17 23 56 6 211 

 

Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 11.266
a
 12 .506 

Likelihood Ratio 12.360 12 .417 
N of Valid Cases 211   
a. 15 cells (75.0%) have expected count less than 5. The minimum 
expected count is .06. 
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Perceived Data Analysis Accuracy 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Perceived Data Analysis 
Proficiency * Analysis 
Accuracy (% Correct) 

211 100.0% 0 .0% 211 100.0% 

 
 

Perceived Data Analysis Proficiency * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

0% 100% 25% 50% 

Perceived Data Analysis 
Proficiency 

Far from proficient 4 0 0 1 

Not proficient 12 1 3 5 

Somewhat proficient 70 13 17 36 

Very proficient 23 3 3 14 
Total 109 17 23 56 

 
Perceived Data Analysis Proficiency * Analysis Accuracy (% Correct) 

Crosstabulation 

Count 

 
Analysis 

Accuracy (% 
Correct) 

Total 75% 

Perceived Data Analysis 
Proficiency 

Far from proficient 0 5 

Not proficient 1 22 

Somewhat proficient 3 139 

Very proficient 2 45 
Total 6 211 

 
Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 5.238
a
 12 .950 

Likelihood Ratio 6.293 12 .901 
N of Valid Cases 211   
a. 12 cells (60.0%) have expected count less than 5. The minimum 
expected count is .14. 

 
Professional Development (PD) 

 
 

Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

PD * Analysis Accuracy (% 
Correct) 

211 100.0% 0 .0% 211 100.0% 
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PD * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

Total 0% 100% 25% 50% 75% 

PD 0 hours 50 6 7 22 2 87 

1 hour 24 3 6 13 2 48 

2 hours 16 3 7 11 2 39 

5 hours 11 1 1 6 0 19 

8 pr more 8 4 2 4 0 18 
Total 109 17 23 56 6 211 

 
 

Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 12.441
a
 16 .713 

Likelihood Ratio 11.853 16 .754 
N of Valid Cases 211   
a. 13 cells (52.0%) have expected count less than 5. The minimum 
expected count is .51. 

 
Graduate Educational Measurement Courses 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Courses * Analysis 
Accuracy (% Correct) 

211 100.0% 0 .0% 211 100.0% 

 
Courses * Analysis Accuracy (% Correct) Crosstabulation 

Count 

 Analysis Accuracy (% Correct) 

Total 0% 100% 25% 50% 75% 

Courses 0 courses 55 7 13 24 1 100 

1 course 22 4 7 15 3 51 

2 courses 19 5 2 8 1 35 

3 courses 6 0 0 4 1 11 

4 or more 7 1 1 5 0 14 
Total 109 17 23 56 6 211 

 
 

Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 12.938
a
 16 .677 

Likelihood Ratio 14.678 16 .548 
N of Valid Cases 211   
a. 14 cells (56.0%) have expected count less than 5. The minimum 
expected count is .31. 
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Appendix Q: Crosstabulated Chi-Square Tests for Variable Relationship with 

Support Use 

School Level Type 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

School Level Type (1 Elem., 
2 Sec.) * Support Use/Want 

211 100.0% 0 .0% 211 100.0% 

 
School Level Type (1 Elem., 2 Sec.) * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

School Level Type (1 Elem., 
2 Sec.) 

1 27 65 40 132 

2 23 37 19 79 
Total 50 102 59 211 

 
 

Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 2.314
a
 2 .314 

Likelihood Ratio 2.291 2 .318 
N of Valid Cases 211   
a. 0 cells (.0%) have expected count less than 5. The minimum 
expected count is 18.72. 

 
School Level 
 

Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

School Level (1 Elem., 2 
Mid./Jr., 3 High) * Support 
Use/Want 

211 100.0% 0 .0% 211 100.0% 

 
School Level (1 Elem., 2 Mid./Jr., 3 High) * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

School Level (1 Elem., 2 
Mid./Jr., 3 High) 

1 27 65 40 132 

2 18 16 13 47 

3 5 21 6 32 
Total 50 102 59 211 
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Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 10.913
a
 4 .028 

Likelihood Ratio 10.544 4 .032 
N of Valid Cases 211   
a. 0 cells (.0%) have expected count less than 5. The minimum 
expected count is 7.58. 

 
Academic Performance 
 
 

Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

API * Support Use/Want 211 100.0% 0 .0% 211 100.0% 

 
API * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

API 677 5 21 6 32 

794 12 10 11 33 

815 7 14 3 24 

827 6 6 2 14 

847 5 13 4 22 

891 7 11 10 28 

893 1 9 6 16 

895 3 16 12 31 

916 4 2 5 11 
Total 50 102 59 211 

 
Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 27.773
a
 16 .034 

Likelihood Ratio 29.922 16 .018 
N of Valid Cases 211   
a. 6 cells (22.2%) have expected count less than 5. The minimum 
expected count is 2.61. 

 
English Learner Population 
 

Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

English Learner * Support 
Use/Want 

211 100.0% 0 .0% 211 100.0% 
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English Learner * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

English Learner 10% 3 16 12 31 

16% 4 2 5 11 

27% 5 13 4 22 

30% 12 10 11 33 

33% 7 14 3 24 

38% 5 21 6 32 

45% 6 6 2 14 

46% 7 11 10 28 

8% 1 9 6 16 
Total 50 102 59 211 

 

 
 

Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 27.773
a
 16 .034 

Likelihood Ratio 29.922 16 .018 
N of Valid Cases 211   
a. 6 cells (22.2%) have expected count less than 5. The minimum 
expected count is 2.61. 

 
Socioeconomically Disadvantaged Population 
 

Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Socioeconomically 
Disadvantaged * Support 
Use/Want 

211 100.0% 0 .0% 211 100.0% 

 
Socioeconomically Disadvantaged * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

Socioeconomically 
Disadvantaged 

22% 4 2 5 11 

23% 3 16 12 31 

31% 1 9 6 16 

43% 7 11 10 28 

56% 5 13 4 22 

61% 19 24 14 57 

78% 11 27 8 46 
Total 50 102 59 211 

 
Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 18.893
a
 12 .091 

Likelihood Ratio 20.713 12 .055 
N of Valid Cases 211   
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Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 18.893
a
 12 .091 

Likelihood Ratio 20.713 12 .055 
N of Valid Cases 211   
a. 4 cells (19.0%) have expected count less than 5. The minimum 
expected count is 2.61. 

 
Students with Disabilities Population 
 

Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Students with Disabilities * 
Support Use/Want 

211 100.0% 0 .0% 211 100.0% 

 
 

Students with Disabilities * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

Students with Disabilities 10% 9 15 9 33 

11% 12 10 11 33 

12% 5 21 6 32 

13% 3 16 12 31 

5% 1 9 6 16 

8% 7 11 10 28 

9% 13 20 5 38 
Total 50 102 59 211 

 
Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 21.561
a
 12 .043 

Likelihood Ratio 23.516 12 .024 
N of Valid Cases 211   
a. 2 cells (9.5%) have expected count less than 5. The minimum 
expected count is 3.79. 

 
Veteran Status 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Veteran Status * Support 
Use/Want 

211 100.0% 0 .0% 211 100.0% 
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Veteran Status * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

Veteran Status 10 years 8 19 6 33 

15 years 13 31 23 67 

20 or more years 27 41 21 89 

5 years 2 10 8 20 

less than 1 year 0 1 1 2 
Total 50 102 59 211 

 
Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 9.079
a
 8 .336 

Likelihood Ratio 9.803 8 .279 
N of Valid Cases 211   
a. 4 cells (26.7%) have expected count less than 5. The minimum 
expected count is .47. 

 
Role 

 
Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Role * Support Use/Want 211 100.0% 0 .0% 211 100.0% 

 
 

Role * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

Role Colleague Coach (e.g., 
Teacher on Special 
Assignment) 

1 0 1 2 

District Administrator 0 2 0 2 

Site/School Administrator 3 4 1 8 

Teacher 46 96 57 199 
Total 50 102 59 211 

 

Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 5.429
a
 6 .490 

Likelihood Ratio 7.039 6 .317 
N of Valid Cases 211   
a. 9 cells (75.0%) have expected count less than 5. The minimum 
expected count is .47. 
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Perceived Data Analysis Proficiency 
 

Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Perceived Data Analysis 
Proficiency * Support 
Use/Want 

211 100.0% 0 .0% 211 100.0% 

 
Perceived Data Analysis Proficiency * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

Perceived Data Analysis 
Proficiency 

Far from proficient 3 1 1 5 

Not proficient 6 9 7 22 

Somewhat proficient 33 64 42 139 

Very proficient 8 28 9 45 
Total 50 102 59 211 

 
Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 8.096
a
 6 .231 

Likelihood Ratio 7.535 6 .274 
N of Valid Cases 211   
a. 3 cells (25.0%) have expected count less than 5. The minimum 
expected count is 1.18. 

 
Professional Development (PD) 
 

Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

PD * Support Use/Want 211 100.0% 0 .0% 211 100.0% 

 
 

PD * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

PD 0 hours 25 39 23 87 

1 hour 11 23 14 48 

2 hours 6 23 10 39 

5 hours 1 9 9 19 

8 pr more 7 8 3 18 
Total 50 102 59 211 
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Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 11.308
a
 8 .185 

Likelihood Ratio 12.040 8 .149 
N of Valid Cases 211   
a. 2 cells (13.3%) have expected count less than 5. The minimum 
expected count is 4.27. 

 
Graduate Educational Measurement Courses 
 

Case Processing Summary 

 
Cases 

Valid Missing Total 

N Percent N Percent N Percent 

Courses * Support 
Use/Want 

211 100.0% 0 .0% 211 100.0% 

 
Courses * Support Use/Want Crosstabulation 

Count 

 Support Use/Want 

Total 0% 100% 50% 

Courses 0 courses 31 41 28 100 

1 course 8 28 15 51 

2 courses 6 22 7 35 

3 courses 2 5 4 11 

4 or more 3 6 5 14 
Total 50 102 59 211 

 
 

Chi-Square Tests 

 
Value df 

Asymp. Sig. (2-
sided) 

Pearson Chi-Square 9.049
a
 8 .338 

Likelihood Ratio 9.070 8 .336 
N of Valid Cases 211   
a. 4 cells (26.7%) have expected count less than 5. The minimum 
expected count is 2.61. 
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Appendix R: Supplemental Documentation Templates 

 

The succeeding seven pages contain the following templates, which are housed online to 

be accessed by anyone wanting to use them, as follows: 

 

Online Location Templates Contained within File Pages 

For PC users with 
Microsoft® Office 2007 or 
later: 
www.overthecounterdata.co
m/s/AbstractTemplates.docx 
 
For Mac users or PC users 
with older versions of 
Microsoft® Office 2007: 
www.overthecounterdata.co
m/s/AbstractTemplates.doc 
 

  Abstract A (Less Dense) 

  Abstract B (Denser) 

2 pages 

(1 page per 

template) 

For PC users with 
Microsoft® Office 2007 or 
later: 
www.overthecounterdata.co
m/s/IntGuideTemplates.docx 
 
For Mac users or PC users 
with older versions of 
Microsoft® Office 2007: 
www.overthecounterdata.co
m/s/IntGuideTemplates.doc 
 

  Interpretation Guide A (2-Page) 

  Interpretation Guide B (3-Page) 

5 pages 

(2-3 pages per 

template) 

 

Note templates provided in docx (as opposed to doc) format and should thus be used 

with Microsoft® Office 2007 or later, or else the files will not display correctly. 

  

http://www.overthecounterdata.com/s/AbstractTemplates.docx
http://www.overthecounterdata.com/s/AbstractTemplates.docx
http://www.overthecounterdata.com/s/AbstractTemplates.doc
http://www.overthecounterdata.com/s/AbstractTemplates.doc
http://www.overthecounterdata.com/s/IntGuideTemplates.docx
http://www.overthecounterdata.com/s/IntGuideTemplates.docx
http://www.overthecounterdata.com/s/IntGuideTemplates.doc
http://www.overthecounterdata.com/s/IntGuideTemplates.doc


 

Replace This Text with Report Name 
Abstract 
 

This page provides an abstract for the Replace this Text with Report Name report, which shows… Replace “…” 
with a short, 3-line description indicating the nature of the report, like: a school site’s performance on Test A 
content clusters in relation to the other sites in the same school district. 
 

             
                      What data is reported? 
 

Replace this section of text with an explanation of data reported, like: Students’ average % correct when 
answering questions aligned to each Test A content cluster is displayed for: 
 a school site 
 the state  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
  What do many educators misunderstand? 
 

Replace this section of text with a clear account of something educators have to know to analyze the data 
correctly, yet often don’t know. For example, what is the most common mistake when analyzing this particular 
report’s data? What key words would a data expert say to the report user to help? Keep it direct and report-
specific, like: Test A’s content clusters vary in difficulty, so a site’s highest % correct for a cluster does not 
necessarily indicate its strength, and its lowest % correct for a cluster is not necessarily its weakness. For each 
cluster, compare the Site % to the State Minimally Proficient % (i.e., look at the degree to which the Site beat 
the State Minimally Proficient). Use this formula… 
  

Replace or cover this space 
with an image (also called a 
screen shot) of the report. 

 
If the report includes multiple 

pages that are drastically 
different in format & 

appearance, include all such 
pages. You can partially 

overlap the images to make 
them fit. 

 
The main goal is to help users 

know, in an instant, 
with which report they 

should match this abstract. 



 

Replace This Text with Report Name 
Abstract 
 

This page provides an abstract for the 
Replace this Text with Report Name report, 
which shows… Replace “…” with a short, 3-
line description indicating the nature of the 
report, like: a school site’s performance on 
Test A content clusters in relation to the 
other sites in the same school district. 
 

 
 What are some questions 

this report will help answer? 
 

 Replace these bullets 
 with key questions this report 
 can help to answer, which might be 
 the reason someone is using the report 

 

             
                      Who is the intended audience?  
 

Just list roles here, like: Teachers and administrators 
 

What data is reported? 
 

Replace this section of text with an explanation of data reported, like: Students’ average % correct when 
answering questions aligned to each Test A content cluster is displayed for: 
 a school site 
 the state  
 

How is the data reported? 
 

Replace this text with 1 line of text explaining how the report is broken down or displayed. 
 

 
  What do many educators misunderstand? 
 

Replace this section of text with a clear account of something educators have to know to analyze the data 
correctly, yet often don’t know. For example, what is the most common mistake when analyzing this particular 
report’s data? What key words would a data expert say to the report user to help? Keep it direct and report-
specific, like: Test A’s content clusters vary in difficulty, so a site’s highest % correct for a cluster does not 
necessarily indicate its strength, and its lowest % correct for a cluster is not necessarily its weakness. For each 
cluster, compare the Site % to the State Minimally Proficient % (i.e., look at the degree to which the Site beat 
the State Minimally Proficient). Use this formula… 
 
  

        

      Replace or cover this space  
with an image (also called a  
screen shot) of the report. 
 
                If the report includes  
           multiple pages that are  
drastically different in format & appearance, include 

all such pages. You can partially overlap the images to 
make them fit. 

 
The main goal is to help users know, in an instant, 
with which report they should match this abstract. 

 



 

Replace Text with Report Name 
Interpretation Guide 
 
 

  What do many educators misunderstand? 
 

Replace this section of text with a clear account of something educators have to know to analyze the data 
correctly, yet often don’t know. For example, what is the most common mistake when analyzing this particular 
report’s data? What key words would a data expert say to the report user to help? Keep it direct and report-
specific, like: Test A’s content clusters vary in difficulty, so a site’s highest % correct for a cluster does not 
necessarily indicate its strength, and its lowest % correct for a cluster is not necessarily its weakness. For each 
cluster, compare the Site % to the State Minimally Proficient % (i.e., look at the degree to which the Site beat 
the State Minimally Proficient). Use this formula… 
 
 
                                    Replace this 
text with a question the report helps answer, 
like: What are possible weaknesses for my 
school site (in a grade and subject area)? 
 

Replace this text with an explanation of where to 
look on the report for an answer and how to 
understand and analyze it. This text refers to the 
image of the report you paste at right. Providing an 
example based on the image can be helpful, like: 
 

Example: For the Decimals cluster: 
      School 70%  –  SMP 76%  =  –6 
 

More than for any other cluster, Site did                   
most poorly on the Decimals cluster (because of how 
Site compared to SMP). The Decimals cluster is most 
likely Site’s weakness, even though the Site’s 70% for 
Decimals was not its lowest %.                 

Replace this text with a question the report 
helps answer, like: What are possible 
strengths for my school site (in a grade and 
subject area)? 

 

Replace this text with an explanation of where to 
look on the report for an answer and how to 
understand and analyze it. This text refers to the 
image you paste at left. Providing an example 
based on the image can help, like: 
Example: For the Measurement cluster: 
      School 68%  –  SMP 62%  =  +6 

 

More than for any other cluster, Site performed 
best on the Measurement cluster (because of how 
Site compared to SMP). The Measurement cluster 
is most likely Site’s strength, even though the 
Site’s 68% for Measurement was not its highest %. 

 

                     Replace or cover this space with report image. 

The Replace This Text with Report Name report shows… 
Replace “…” with a short description (that fits in this 
box) of the nature of the report. 

 

Replace or cover this space (like the above-right space) 
with an image (also called a 

screen shot) of the part of the report that answers the 
question you posed next to it (). 

 
The main goal is to show users where to look on the 

report to find the answer to the given question. 
 

When helpful, draw arrows 
from text to an area on the image, 

or circle things. 
Color can indicate   strengths   or   weaknesses. 

 



 

Replace this text with a question the report 
helps answer, like: Which content clusters 
were assessed with the hardest questions on 
Test A? 
 

Replace this text with an explanation of where to 
look on the report for an answer and how to 
understand and analyze it. This text refers to the 
image of the report you paste at right. Providing an 
example based on the image can be helpful, like: 
 
Example: SMP’s 62% in Measurement                   
is lower than the 76%, 74%, 80%, and 72% 
SMP earned in the other clusters. Thus the  
Measurement cluster was likely assessed 
with the hardest questions.  

 
Replace this text with a question 
the report helps answer, like: 
Which content clusters were 
assessed with the easiest 
questions on Test A? 
 

Replace this text with an explanation 
of where to look on the report for an 
answer and how to understand and 
analyze it. This text refers to the image 
of the report you paste at left. 
Providing an example based on the 
image can be helpful, like: 
 

Example: SMP’s 80% in Algebra is 
higher than the 76%, 74%, 62%, 
and 72% SMP earned in the other 
clusters. Thus the Algebra cluster 
was likely assessed with the easiest 
questions. 

 
 
                                 Where can I find more info on Replace with Test/Data Type and its proper use? 

 

Replace this text and possibly the question above it, giving the user direction (like a website). 
 

Where can I find more info on analyzing Replace with Test/Data Type? 
 

Replace this text and possibly the question above it, giving the user direction (like a website). 
 

Where can I learn how to generate this 
report in my data system?  
 

Replace this text with an answer. 
  

 

Replace or cover this space with an image 
(also called a screen shot) 

of the part of the report that answers 
the question you posed next to it (). 

 
The main goal is to show users where to look on the 

report to find the answer to the given question. 
 

When helpful, draw arrows 
from text to an area on the image, 

or circle things. 
Color can indicate   strengths   or   weaknesses. 

 

 

Replace or cover this space with an image 
(also called a screen shot) 

of the part of the report that answers 
the question you posed next to it (). 

 
The main goal is to show users where to look on the 

report to find the answer to the given question. 
 

When helpful, draw arrows 
from text to an area on the image, 

or circle things. 
Color can indicate   strengths   or   weaknesses. 

 

 

Replace or cover this space with an image showing where 
to access the data system’s help system 

or other source of support.  
 



 

Replace Text with Report Name 
Interpretation Guide 
 

This 3-page guide explains the Replace this 
Text with Report Name report, which 
shows… Replace “…” with a short, 3-line 
description indicating the nature of the 
report, like: a school site’s performance on 
Test A content clusters in relation to the 
other sites in the same school district. 
 

 
 What are some questions 

this report will help answer? 
 

 Replace these bullets 
 with key questions this report 
 can help to answer, which might be 
 the reason someone is using the report 

 
             

                      Who is the intended audience?  
 

Just list roles here, like: Teachers and administrators 
 

What data is reported? 
 

Replace this section of text with an explanation of data reported, like: Students’ average % correct when 
answering questions aligned to each Test A content cluster is displayed for: 
 a school site 
 the state  
 

How is the data reported? 
 

Replace this text with 1 line of text explaining how the report is broken down or displayed. 
 
 

  What do many educators misunderstand? 
 

Replace this section of text with a clear account of something educators have to know to analyze the data 
correctly, yet often don’t know. For example, what is the most common mistake when analyzing this particular 
report’s data? What key words would a data expert say to the report user to help? Keep it direct and report-
specific, like: Test A’s content clusters vary in difficulty, so a site’s highest % correct for a cluster does not 
necessarily indicate its strength, and its lowest % correct for a cluster is not necessarily its weakness. For each 
cluster, compare the Site % to the State Minimally Proficient % (i.e., look at the degree to which the Site beat 
the State Minimally Proficient). Use this formula… 
  

        

      Replace or cover this space  
with an image (also called a  
screen shot) of the report. 
 
                If the report includes  
           multiple pages that are  
drastically different in format & appearance, include 

all such pages. You can partially overlap the images to 
make them fit. 

 
The main goal is to help users know, in an instant, 
with which report they should match this guide. 

 



 

  
                                       How do I read the report? 
 

Replace this text with a general explanation of how to navigate and/or read the 
report. It can help to provide an image and example, like:  
 

Example: The State Minimally Proficient students and the School Site’s                  
students both answered 72% of Qs correctly in this test’s Statistics cluster.  
 
 
                                    Replace this 
text with a question the report helps 
answer, like: What are possible weaknesses 
for my school site (in a grade and subject 
area)? 
 

Replace this text with an explanation of where to 
look on the report for an answer and how to 
understand and analyze it. This text refers to the 
image of the report you paste at right. Providing 
an example based on the image can be helpful, 
like: 
 

Example: For the Decimals cluster: 
      School 70%  –  SMP 76%  =  –6 
 

More than for any other cluster, Site did                   
most poorly on the Decimals cluster (because of 
how Site compared to SMP). The Decimals cluster 
is most likely Site’s weakness, even though the 
Site’s 70% for Decimals was not its lowest %.                 

Replace this text with a question the 
report helps answer, like: What are 
possible strengths for my school site (in a 
grade and subject area)? 

 

Replace this text with an explanation of where 
to look on the report for an answer and how to 
understand and analyze it. This text refers to 
the image you paste at left. Providing an 
example based on the image can help, like: 
Example: For the Measurement cluster: 
      School 68%  –  SMP 62%  =  +6 
 

More than for any other cluster, Site performed 
best on the Measurement cluster (because of 
how Site compared to SMP). The Measurement 
cluster is most likely Site’s strength, even 
though the Site’s 68% for Measurement was not 
its highest %. 

 
  

 

Replace or cover this space 
with an optional image. 

Otherwise, delete. 
 

 

Replace or cover this space (like the above-right space) 
with an image (also called a 

screen shot) of the part of the report that answers the 
question you posed next to it (). 

 
The main goal is to show users where to look on the 

report to find the answer to the given question. 
 

When helpful, draw arrows 
from text to an area on the image, 

or circle things. 
Color can indicate   strengths   or   weaknesses. 

 

 

Replace or cover this space with an image 
(also called a screen shot) 

of the part of the report that answers 
the question you posed next to it (). 

 
The main goal is to show users where to look on the 

report to find the answer to the given question. 
 

When helpful, draw arrows 
from text to an area on the image, 

or circle things. 
Color can indicate   strengths   or   weaknesses. 

 



 

Replace this text with a question the report 
helps answer, like: Which content clusters 
were assessed with the hardest questions on 
Test A? 
 

Replace this text with an explanation of where to 
look on the report for an answer and how to 
understand and analyze it. This text refers to the 
image of the report you paste at right. Providing an 
example based on the image can be helpful, like: 
 
Example: SMP’s 62% in Measurement                   
is lower than the 76%, 74%, 80%, and 72% 
SMP earned in the other clusters. Thus the  
Measurement cluster was likely assessed 
with the hardest questions.  

 
Replace this text with a question 
the report helps answer, like: 
Which content clusters were 
assessed with the easiest 
questions on Test A? 
 

Replace this text with an explanation 
of where to look on the report for an 
answer and how to understand and 
analyze it. This text refers to the image 
of the report you paste at left. 
Providing an example based on the 
image can be helpful, like: 
 

Example: SMP’s 80% in Algebra is 
higher than the 76%, 74%, 62%, 
and 72% SMP earned in the other 
clusters. Thus the Algebra cluster 
was likely assessed with the easiest 
questions. 

 
 
                                 Where can I find more info on Replace with Test/Data Type and its proper use? 

 

Replace this text and possibly the question above it, giving the user direction (like a website). 
 

Where can I find more info on analyzing Replace with Test/Data Type? 
 

Replace this text and possibly the question above it, giving the user direction (like a website). 
 

Where can I learn how to generate this 
report in my data system?  
 

Replace this text with an answer. 
 

 

 

Replace or cover this space with an image 
(also called a screen shot) 

of the part of the report that answers 
the question you posed next to it (). 

 
The main goal is to show users where to look on the 

report to find the answer to the given question. 
 

When helpful, draw arrows 
from text to an area on the image, 

or circle things. 
Color can indicate   strengths   or   weaknesses. 

 

 

Replace or cover this space with an image 
(also called a screen shot) 

of the part of the report that answers 
the question you posed next to it (). 

 
The main goal is to show users where to look on the 

report to find the answer to the given question. 
 

When helpful, draw arrows 
from text to an area on the image, 

or circle things. 
Color can indicate   strengths   or   weaknesses. 

 

 

Replace or cover this space with an image showing where 
to access the data system’s help system 

or other source of support.  
 


