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Article

Federal educational policy and legislation (Civic Impulse, 
2017; Every Student Succeeds Act, 2015; Individuals with 
Disabilities Education Improvement Act [IDEA], 2004) call 
for use of student assessment data to improve instruction. 
These data are to be used in various ways along a spectrum of 
student needs, from monitoring student progress in the gen-
eral education setting to determine efficacy of instruction, to 
identifying students who may be at risk and in need of addi-
tional intervention, to intensifying intervention for students 
who struggle the most through special education services. 
Although schools have been collecting increasing amounts of 
data, teachers report and have been observed to lack key 
understandings necessary to interpret and use data for these 
varied purposes (Gallagher et al., 2008; Means et al., 2011). 
In turn, researchers and teacher educators have noted a con-
cerning lack of data use to inform classroom instruction 
(Datnow & Hubbard, 2016; Mandinach & Gummer, 2016).

In recent years, there has been an increasing call to sup-
port teachers in building the data literacy skills needed to use 
data effectively (Hoogland et al., 2016; Lai & McNaughton, 
2016; Mandinach & Gummer, 2016). A recent meta-analysis 

reviewed 33 studies that provided teachers with data literacy 
training, with findings indicating strong positive outcomes 
on teacher knowledge, skills, and beliefs surrounding data 
(Authors, 2019). However, the authors noted that despite 
these promising findings, whether these immediate out-
comes translate into practice remains to be investigated. 
Understanding factors that predict teachers’ use of student 
data in practice is critical to improving instruction. As such, 
the purpose of the present study was to investigate whether 
training in the use of data corresponds with increased data 
use by teachers using a nationally representative data set. 
Specifically, using the nationally representative Early 
Childhood Longitudinal Survey: Kindergarten (ECLS-K: 
2011) data set, this study explores whether training provided 
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to general education teachers (i.e., professional development 
[PD] to use data to identify struggling learners; PD to use 
data to guide instruction; coursework on the use of data to 
select interventions and supports for students) predicts 
increased self-reported data use for four distinct purposes 
(i.e., monitor students’ progress on specific skills over the 
school year; identify deficits in specific skills of struggling 
students; monitor the progress of students who fall below 
benchmark levels; and determine whether students need 
placement in a more or less intensive level of instruction). 
Findings from this study will provide insight into the impact 
of data-focused training on the use of data in practice, and 
reveal remaining areas in which teachers may require con-
tinued support.

Uses for Data in Education

The reauthorization of the IDEA (2004) emphasized the use 
of data to identify and support students with disabilities 
through a response to intervention (RTI) framework. The 
RTI framework requires increased use of data at each of 
three tiers of instructional intensity in core content areas 
and, correspondingly, more in-depth teacher expertise at 
each level. As such, some of the primary uses for student 
data are to: (a) monitor each student’s progress on specific 
skills, (b) identify skill deficits, (c) monitor progress more 
frequently for students who fall below benchmark, and (d) 
determine student intervention response. The outcomes in 
the present study align with these four purposes of data use.

Teachers in both general and special education are 
expected to collect and evaluate data to improve and target 
instruction through the RTI process (Civic Impulse, 2017; 
Council of Chief State School Officers, 2012; Mandinach & 
Gummer, 2016). In Tier 1, teachers implement evidence-
based classroom curriculum to the whole group. During this 
stage, teachers are expected to monitor the progress of each 
student on specific skills to determine what students may be 
at-risk for failure (i.e., are not meeting benchmark levels of 
growth; Fuchs et al., 2012; Supovitz & Klein, 2003), what 
skills need to be re-taught (Supovitz & Klein, 2003), group-
ing of students for instruction (Hoover & Abrams, 2013), 
and overall efficacy of instruction (Hoover & Abrams, 
2013). When students are identified as being at-risk for fail-
ure, they are moved to Tier 2, or supplemental intervention 
delivered in small groups, and then Tier 3, or intensive 
intervention delivered to one to three students with persis-
tent learning difficulties or disabilities (Fuchs et al., 2012).

As students receive increasingly intensive instruction 
along these tiers, teachers are expected to monitor progress 
more frequently for the overall purpose of identifying student 
response to intervention—that is, to decide whether a student 
needs more or less intensive intervention. To further target 
student needs, teachers use data to identify skill deficits, 
choose an aligned intervention based on those skill deficits, 

and monitor progress on those specific skills to determine 
any necessary adjustments to the intervention (Balu et al., 
2015). Due to the breadth of knowledge and skills required to 
support data use, many teachers report that they need addi-
tional training to use data effectively (Datnow & Hubbard, 
2016; Means et al., 2011; Wayman & Jimerson, 2014). 
Reflective of this need, research has also called for improved 
teacher training in data use (Mandinach & Gummer, 2016).

Teacher Training in Data Literacy

To successfully use data, teachers need to be able to collect, 
comprehend, and interpret the implications of data—a skill-
set known broadly as data literacy (Mandinach & Gummer, 
2016). Each of these primary skills requires a great deal of 
nuanced understanding in order to effectively use data in 
the classroom. For instance, data collection requires teach-
ers to identify skills to target; select an appropriate tool to 
monitor growth on those skills; understand psychometric 
properties of the selected tool; and access multiple data-
bases with student information. Data comprehension 
requires teachers to understand how to graph data; interpret 
the graphs; understand rules for when change to interven-
tion would be warranted; and understand multiple conflict-
ing sources of information. Finally, interpreting the data 
requires teachers to understand what changes to make to 
better align instruction with student needs, and how to base 
changes on theories of reading and math development. 
Observational studies of teachers have demonstrated that 
many teachers struggle to understand and use data, includ-
ing locating and articulating the key information from prog-
ress monitoring graphs, understanding the slope, making 
instructional changes based on data, and using data system-
atically to make these changes (Espin et al., 2017; van den 
Bosch et al., 2017; Wagner et al., 2017). Based on the array 
of understandings required to use data effectively, and 
observed challenges many teachers face with data use, it is 
no surprise that many teachers report the need for additional 
training to use data effectively (Means et al., 2011).

It has been generally posited that teacher knowledge, 
skills, and beliefs can be improved through training 
(Desimone, 2009; Guskey, 2002). This theory was sup-
ported with a recent meta-analysis on data literacy training, 
which found training to have significant, positive effects on 
teacher data use (Filderman et al., 2019). Outcomes of 
training can be further enhanced by providing teachers with 
high-quality training, with key components including con-
tent-focus, or relevance to student needs; interactivity, or 
opportunities for teachers to engage in content; coherence, 
or alignment with teachers’ beliefs; duration, or taking place 
over an amount of time that allows for teacher learning of 
content; and collaboration, or opportunities to work through 
applications with peers (Desimone, 2009). A wide range of 
training quality was reported in the aforementioned 
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meta-analysis; for instance, trainings varied by the content 
included (i.e., one to three data literacy skills were targeted), 
duration, and collaborative opportunities provided. This 
information is key in understanding what kind of training is 
being provided to teachers, and how the qualities of these 
trainings may impact teacher learning.

Importantly, several critical limitations were noted by 
the authors of this study, including the lack of application 
measures—that is, measures of direct application of the 
skills learned—as well as a lack of delayed posttest mea-
sures to determine whether teacher training translated into 
long-term increased use of data. The few studies that did 
include such measures are promising; for instance, studies 
that used instructional plan sheets to measure teacher appli-
cation of skills learned found that teachers who received 
training used data to inform instruction significantly more 
than colleagues who did not receive such training (Fuchs 
et al., 1989, 1994). Despite these findings, the long-term 
applications and implications of data literacy training 
remain mostly unexplored; therefore, the present study 
sought to investigate whether training in data literacy was 
predictive of increased use of data in the classroom.

Purpose of the Present Study

Previous studies have indicated that training in data literacy 
increases immediate knowledge and skills of teachers 
related to data use; however, it has yet to be determined 
whether receiving such training leads to actual use of data 
in the classroom. To address this question, we utilized 
unique data from the restricted version of the ECLS-K: 
2011. This nationally representative data set provides self-
report data from a large sample of teachers from a variety of 
school settings. Using these data, we sought to establish a 
preliminary link between data literacy training and data use 
practices. Specifically, the research question guiding this 
study is to what extent does data-focused training predict 
teacher use of data for four decision-making purposes (i.e., 
using data to monitor progress on specific skills, to identify 
skill deficits, to monitor the progress of students performing 
below benchmark, and to determine placement in instruc-
tional tiers)?

Method

Data Source

The data for this study come from the ECLS-K: 2011, a 
nationally representative, longitudinal study conducted by 
the National Center for Education Statistics (NCES). The 
survey follows approximately 18,000 students from 970 
schools from kindergarten through fifth grade, with data 
gathered in the fall and spring of each year. At each time 
point, students are directly assessed and adults—such as 

teachers, parents, and before/after school caregivers—are 
surveyed. The aim of the survey overall is to determine how 
children develop and what factors influence their develop-
ment as relates to education (Tourangeau et al., 2015).

The primary purpose of the teacher questionnaire was to 
gauge students’ classroom experiences and how they relate 
to their overall development (Tourangeau et al., 2015). The 
questions are split into two assessments: teacher-level  
and child-level questions. Teacher-level questions were 
designed to assess the classroom atmosphere to which stu-
dents were exposed, and included items such as PD and 
practices. Child-level questions were designed to assess the 
child’s experiences in the classroom directly and included 
items such as the number of struggling readers in the class-
room and the child’s behavior in the classroom. In the pres-
ent study, we utilize data collected from the general 
classroom teacher questionnaire, which is administered to 
all teachers of the students included in the study.

Sample

The current sample is drawn from data collected from sec-
ond-grade general education teachers surveyed in the spring 
of 2013, which was the first time teachers were asked to 
answer questions related to their use of data. Cases with full 
data were retained, and then duplicates were removed for 
students with the same teacher so that each teacher’s 
response was counted only once. The final available sample 
of teachers interviewed in the spring of 2013 included 
approximately 5,330 teachers. The mean years of experi-
ence for teachers included in the survey was 14.69 years 
(SE = 0.14), with a range of 0 to 50 years of teaching expe-
rience. The highest degree obtained for 50% of teachers (n 
= 2,370) was a bachelor’s degree and for 47% was a mas-
ter’s degree (n = 2,240). Certifications for sampled teach-
ers included elementary (43%, n = 2,000), special (6%, n = 
280), early elementary (24%, n = 1,130), and English as a 
Second Language (26%, n = 1,230). Sampled teachers 
were predominantly White (85%; n = 4,060), followed by 
Hispanic (12%; n = 570), Black (7%; n = 330), Asian (2%; 
n = 110), and other (e.g., American Indian/Alaskan Native, 
Hawaiian/Pacific Islander; 1%; n = 70). Sampled teachers 
were predominantly female (94%; n = 4,400) and were on 
average 47 years old (SE = 11.5).

Measures

The ECLS-K:2011 includes questions directly related to 
teachers’ data collection and use (see Supplemental Table 
S1), which were the key outcome variables in the present 
study. The independent variable was training in the use of 
data for math and reading. Covariates were also included to 
control for potential confounding factors. Each of these fac-
tors are explained in the following.
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Teacher reports of data use. Participating teachers reported on 
their frequency of data use, separately for reading and math, 
for the following purposes: (a) progress monitoring, to moni-
tor each student’s progress on specific skills over the school 
year; (b) deficit, to identify the deficits in specific skills of 
struggling students; (c) benchmark, to monitor the progress 
of students who fall below benchmark levels; and (d) place-
ment, to determine whether students need placement in a 
more or less intensive level of instruction (see Table S1).

The outcomes were considered separately because each 
use for data represented different, albeit related, constructs; 
therefore, considering each separately presented the oppor-
tunity for more nuanced exploration of how data training is 
related to data use for various purposes. For instance, iden-
tifying the specific skills students are struggling with 
implies an approach to data that entails error analysis to 
diagnose areas of struggle to target for instruction. 
Monitoring the progress of students below benchmark does 
not imply this step of identifying specific skill deficits, but 
rather entails determining whether students are making ade-
quate progress according to the data which is another type 
of decision-making altogether. Finally, determining whether 
students require more or less intensive intervention is a hall-
mark of the RTI process, whereby teachers determine not 
only whether students are making adequate progress, but 
what this means for the level of intensity of instruction they 
receive. Exploring how training impacts these unique uses 
for data thus had important implications for beginning to 
understand the gaps in knowledge and skills that remain 
after data-focused training.

The original 7-point scale of the outcome variables was 
never, once a year, two times a year, three to four times a 
year, five to eight times a year, one to two times a month, 
and one to two times a week. Each outcome was dichoto-
mized into frequent and infrequent use of data for decision-
making purposes for several reasons. First, the responses 
for this variable were skewed, such that few respondents 
answered on the lower end of possible responses (e.g., 
range from M = 5.09, SD = 1.68 to M = 5.78, SD = 1.29 
across outcomes). Second, we operationalized frequency of 
data use based on guidelines for the frequency with which 
data should be evaluated for decision-making purposes (see 
Ardoin et al., 2013 for a synthesis of the evidence). Thus, 
frequent use of data included one to two times per month 
and one to two times per week.

Training in data use. We utilized three variables related to 
training, which were asked separately for reading and math 
(see Table S2). The two types of PD considered were (a) PD 
to use data to identify struggling learners and (b) PD to use 
data to guide reading and math instruction. The scale for 
these variables ranged from never, once, two times, three to 
four times, and more than four times. These scales were kept 
in their original form as 5-point scales, as the amount of PD 

received may impact its efficacy and long-term impacts. 
Assessment course asked whether the teacher had taken a 
college course related to the use of formal assessment data to 
inform their choice of reading or math interventions and 
supports for students.

Covariates. Student characteristics considered included the 
proportion of students performing below grade level, as 
classes with more lower performing students may have 
higher teacher reports of data use (Balu et al., 2015); the 
proportion of male students in the class, as males tend to 
have more reported difficulties with learning (Share & 
Silva, 2003); the proportion of non-White students, as stu-
dents of color tend to be referred for more intensive instruc-
tion (Zhang et al., 2014); the proportion of students who 
were English Learners (ELs), as ELs also tend to struggle 
with learning (Abedi & Gándara, 2006); and the proportion 
of students with a disability (SWD), as again this might be 
associated with increased data use.

The proportion of struggling readers was divided into 
percentiles, with below 25th percentile representing the 
lowest proportion of struggling readers in the classroom 
based on the reading assessment administered as part of the 
survey, and 75th to 100th percentile representing the great-
est proportion of struggling readers in the classroom. The 
proportion of males, ELs, and SWDs were reported as raw 
numbers and converted into a proportion by dividing by the 
number of students in the class. The proportion of non-
White students was calculated by subtracting the White stu-
dents from the total number, and dividing the remainder by 
the total number of students in the classroom to create a 
proportion.

Teacher characteristics included years of experience, 
education level, certification type, and self-efficacy. 
Experience and education level were included as it is plau-
sible that teachers with more experience and education 
would be more knowledgeable, which could influence fre-
quency of data use (e.g., Spear-Swerling & Cheesman, 
2012). Alternatively, teachers with less experience may also 
use data more frequently as they tend to be more open to 
new instructional methods (e.g., Boardman et al., 2005). 
Certification was included as a covariate because there is 
reason to believe certain certification types (e.g., special 
education) may have increased emphasis on data use as part 
of their training program (e.g., for assessment of students 
with disabilities; Mandinach & Gummer, 2016). Finally, 
self-efficacy was included as a covariate because teachers’ 
belief in their ability to impact change in their students’ per-
formance has been found to impact teacher use of data 
(Ingram et al., 2004; Schildkamp & Kuiper, 2010). A com-
bination of questions were included for this covariate, 
including: (a) “By trying a different teaching method, I can 
significantly affect a student’s achievement,” (b) “If some 
students in my class are not doing well, I feel that I should 
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change my approach to the subject,” and (c) “If I try really 
hard, I can get through even to the most difficult or unmoti-
vated students.”

School characteristics included as covariates were the 
availability of support staff, which included staff who 
engaged in collection, organization, and management of 
assessment data; staff to support in the interpretation and 
use of data to guide instruction; and the presence of a read-
ing or math specialist. Each of these staff members have 
been found to support school use of the RTI process (e.g., 
Balu et al., 2015). In addition, the Title 1 status of the school 
was controlled for as an indicator of school socioeconomic 
status.

Complex survey design. To account for the complex survey 
design and ensure inferences were nationally representa-
tive, the following sampling weights, primary sampling 
unit, and strata were used: W6CS6P_2T0, W6CS6P_2TPSU, 
and W6CS6P_2TSTR. Importantly, the ECLS-K:2011 
focuses on student-level data; therefore, teachers are 
weighted according to the student sample.

Analytic Method

To analyze the research questions, we used logistic regres-
sion to predict data use among teachers. We fit the follow-
ing model:

logit p PD X W Zj j j s( ) = + + + +β α τ λ θ ,

where p = the probability of the data use outcome, β = the 
type of PD provided, X is a vector of controls for teacher 
characteristics, W is a vector of controls for student charac-
teristics at the classroom level, and Z is a vector of controls 
for school characteristics. Covariates were included on the 
teacher, student, and school level, creating one unadjusted 
model and four adjusted models for each outcome consid-
ered. Models were fitted for each of the four frequent data 
use outcomes considered: (a) progress monitoring, (b) defi-
cit, (c) benchmark, and (d) placement.

Results

Descriptive statistics for each of the predictors are presented 
in Table 1. Three types of training were considered: PD to 
use data to identify struggling learners, PD to use data to 
guide instruction, and college coursework related to the use 
of formal assessment data for reading and math. The odds 
of these trainings on frequent progress monitoring for data 
use outcomes, along with models that include teacher, stu-
dent, and school covariates, are presented in Tables 2 
through 5. Results will be reported by data use outcome 
variables: (a) progress monitoring, (b) deficit, (c) bench-
mark, and (d) placement.

Progress Monitoring

The first outcome considered was the use of data to monitor 
each student’s progress on specific skills over the school 
year. Model 1 in Table 2 shows descriptive trends indicating 
that, for reading instruction, teachers who received more 
training focused on the use of data to identify struggling 
learners tended to also report greater use of progress moni-
toring. In particular, teachers who attended training on iden-
tifying struggling learners more than four times had 1.91 
times the odds of using progressing monitoring than teach-
ers who did not attend at all. The result remains similar 
when controlling for covariates at each level. When control-
ling for teacher, student and school characteristics in Models 
2 to 5, the results also show attending an assessment course 
is associated with higher odds of using progress monitoring 
(odds ratio [OR] = 1.24–1.36, p < .05). The final model 
with all covariates shows that training in identifying strug-
gling learners and assessment coursework are related to 
greater use of progress monitoring. The bottom panel of 
Table 2 presents results for math instruction. The results are 
different as only attending an assessment course is related 
to using progress monitoring when teaching math when 
controlling for covariates.

Deficit

The second outcome considered using data to identify the 
deficits in specific skills of struggling students. Models 1 
and 2 in Table 3 show descriptive trends indicating that 
for reading and math instruction, teachers who received 
more training focused on the use of data to identify strug-
gling learners tended to also report greater use of progress 
monitoring. In particular, for reading instruction teachers 
who attended training on identifying struggling learners 
more than four times had 1.81 times the odds, while for 
math instruction teachers had 2.17 times the odds of using 
progressing monitoring frequently than teachers who did 
not attend at all. When controlling for student and school 
characteristics, as well as in the full model, results are 
slightly different for reading instruction in that receiving 
training more than four times was no longer significant; 
however, training remained significant when provided 
three to four times. The results also show across all mod-
els that attending an assessment course was associated 
with higher odds of using progress monitoring (OR = 
1.34–1.45, p < .01 for reading; OR = 1.41–1.48,  
p < .001 for math).

Benchmark

The third outcome considered using data to monitor the 
progress of students who fall below benchmark levels. 
Each of the models reported in Table 4 demonstrate trends 



252 Assessment for Effective Intervention 46(4)

that, for reading instruction, teachers who received train-
ing focused on the use of data to identify struggling learn-
ers tended to also report greater use of progress monitoring, 
with odds generally increasing as teachers received more 
training. For example, Model 5 indicates that, when con-
trolling for student, teacher, and school characteristics, 
teachers who attended such training more than four times 
had 2.19 times the odds of using progressing monitoring 
than teachers who did not attend at all. For reading instruc-
tion, taking an assessment course also significantly pre-
dicted teachers’ reported data use in each model (OR = 
1.27–1.46, p <.05). These results are different when con-
sidering data use for math instruction. Models 1 and 2 indi-
cate that receiving training to identify struggling learners 
was significantly associated with higher odds of reporting 
frequent data use; however, this trend does not continue 
when controlling for student or school characteristics. 
Training in using data to guide instruction was shown to be 
associated with increased odds of reported use of progress 
monitoring, with more training associated with higher 
odds. Specifically, with a full set of controls in Model 5, 
teachers had 1.73 times the odds of using progress 

monitoring than teachers who did not receive this training. 
Assessment courses were again shown to be a significant 
predictor of data use for math instruction (OR = 1.36–
1.43, p < .01).

Placement

The fourth outcome considered using data to determine 
whether students need placement in a more or less intensive 
level of instruction. For reading instruction, each of the 
models reported in Table 5 show that training focused on 
the use of data to identify struggling learners was associated 
with greater use of progress monitoring regardless of the 
amount of training received, with odds again increasing as 
teachers received more training. Teachers were much more 
likely to report using progress monitoring data for place-
ment of students when they received this training; for exam-
ple, Model 1 in Table 5 shows that teachers who attended 
training on identifying struggling learners more than four 
times had 3.01 times the odds of using progressing monitor-
ing than teachers who did not attend at all. For math instruc-
tion, teachers were also more likely to report using progress 

Table 1. Descriptive Statistics.

Reading Math Combined

Variable   M    (SD) n   M    (SD) n   M    (SD) n

Progressa 0.57 (0.49) 4,600 0.65 (0.48) 4,570  
Deficita 0.65 (0.48) 4,590 0.69 (0.46) 4,570  
Benchmarka 0.68 (0.47) 4,590 0.66 (0.47) 4,560  
Placementa 0.51 (0.50) 4,590 0.53 (0.50) 4,540  
Data identifyb 1.90 (1.36) 4,360 1.56 (1.37) 4,350  
Data guideb 1.88 (1.37) 4,350 1.53 (1.37) 4,320  
Assessment courseb 0.68 (0.47) 4,580 0.52 (0.50) 4,580  
Years experience 14.69 (9.58) 4,720
Elementary certification 0.92 (0.27) 4,660
Special education certification 0.11 (0.31) 4,650
Early childhood certification 0.34 (0.47) 4,650
ESL certification 0.27 (0.44) 4,650
Education levelc 0.50 (0.50) 4,720
Staff assessmentd 0.50 (0.50) 5,330
Staff interpretationd 0.53 (0.50) 5,330
Specialistc 0.64 (0.48) 4,670 0.26 (0.44) 4,680  
Title 1 1.28 (0.45) 4,300
Below levele 2.49 (1.11) 4,470 2.48 (1.13) 4,410  
Non-Whitef 0.94 (0.26) 4,440
Malef 0.52 (0.10) 4,620
Disabilityf 0.12 (0.17) 4,550
ELf 0.07 (0.04) 4,600

Source. U.S. Department of Education, Early Childhood Longitudinal Study, Kindergarten Class of 2010-11 (ECLS-K:2011), Restricted Dataset.
Note. Numbers of teachers reported are those that answered each question; teachers typically taught both math and reading. ESL = English as a 
Second Language; EL = English Learner.
aScale 0 = Infrequently (less than one per month), 1 = Frequently (one or more per month). bScale 0 = none, 1 = one session, 2 = two sessions, 3 = three 
to four sessions, 4 = more than four sessions. c0 = Bachelors, 1 = Master’s or higher. dScale 0 = resource not available, 1 = resource available. eScale 1 = 0% 
to 24.9%, 2 = 25% to 49.9%, 3 = 50% to 74.9%, 4 = 75% to 100%. fScale 0 = not present, 1 = present.
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monitoring when they received training to identify strug-
gling learners, but only when the received more than four 
trainings across all models (OR = 1.82–2.23, p < .05). 
Odds of using data were significantly related to taking an 
assessment course in Models 1, 3, 4, and 5 for reading (OR 
= 1.21–1.28, p < .05), and across all outcomes for math 
(OR = 1.39–1.49, p < .001).

Discussion

The purpose of this study was to determine whether training 
in data literacy predicted increased teacher use of data as 
measured by self-reports of data use across four distinct 
outcomes: monitoring progress on specific skills, identify-
ing the deficits in specific skills of struggling students, 
monitoring the progress of students who fall below bench-
mark levels, and determining whether students need place-
ment in a more or less intensive level of instruction.

Effects of Training on Teacher Use of Data

Overall, results of this study indicate that training predicted 
increased teacher reports of their use of data for 

various outcomes. The finding that PD and coursework were 
associated with reports of more frequent data use is supported 
by a widely accepted conceptual framework grounded in 
theory of teacher change and instruction that posits that train-
ing influences teacher knowledge, skills, and beliefs, which 
in turn influences teacher practice and, ultimately, student 
outcomes (Desimone, 2009). As research has previously sug-
gested that training improves immediate teacher outcomes, 
yet there is not a wealth of research on whether this training 
then improves practice (e.g., Authors, 2019), this is a promis-
ing finding. However, there were differences in this finding 
based on the type and intensity of training that teachers 
received, as well as the type of instruction being delivered, 
pertaining to several data use outcomes. As a result of explor-
ing the data use outcomes separately, these differential find-
ings expose important gaps between training and practice.

Type and intensity of training. PD that focused on the use of data 
to identify struggling students was shown to be associated with 
more frequent data use for all purposes considered for teaching 
reading, and for identifying skill deficits and determining 
placement in levels of intervention intensity for teaching math. 
Across these outcomes, more training sessions were associated 

Table 2. Odds Ratios for Progress Monitoring Outcome.

Variables Model 1 Model 2 Model 3 Model 4 Model 5

Reading n = 3,670 n = 3,520 n = 3,370 n = 3,160 n = 2,830
 DI: One 1.27 (.20) 1.27 (.21) 1.33 (.20) 1.42 (.25) 1.49 (.25)*
 DI: Two 1.38 (.22)* 1.38 (.21)* 1.45 (.23)* 1.44 (.25)* 1.47 (.25)*
 DI: Three to four 1.39 (.25) 1.38 (.23) 1.40 (.26) 1.38 (.27) 1.38 (.27)
 DI: More than four 1.91 (.45)** 1.88 (.43)** 1.94 (.48)** 1.71 (.42)* 1.76 (.45)*
 DG: One 1.27 (.17) 1.26 (.17) 1.16 (.17) 1.25 (.19) 1.07 (.19)
 DG: Two 1.12 (.15) 1.12 (.15) 1.13 (.16) 1.12 (.17) 1.09 (.18)
 DG: Three to four 1.13 (.18) 1.14 (.18) 1.08 (.21) 1.22 (.22) 1.08 (.21)
 DG: More than four 1.19 (.24) 1.15 (.22) 1.12 (.24) 1.21 (.26) 1.02 (.22)
 Assessment course 1.25 (.12) 1.24 (.12)* 1.25 (.12)* 1.36 (.14)** 1.32 (.14)*
Math n = 3,630 n = 3,490 n = 3,300 n = 3,130 n = 2,770
 DI: One 1.02 (.15) 1.01 (.16) 1.04 (.16) 1.02 (.16) 0.99 (.18)
 DI: Two 1.07 (.19) 1.08 (.20) 1.08 (.20) 1.13 (.21) 1.10 (.23)
 DI: Three to four 1.39 (.34) 1.41 (.34) 1.48 (.40) 1.41 (.36) 1.44 (.39)
 DI: More than four 1.66 (.54) 1.95 (.65)* 1.66 (.58) 1.49 (.55) 1.61 (.63)
 DG: One 1.18 (.19)* 1.16 (.18) 1.12 (.18) 1.27 (.22) 1.21 (.21)
 DG: Two 1.14 (.19) 1.08 (.18) 1.07 (.19) 1.10 (.19) 1.00 (.19)
 DG: Three to four 0.96 (.21) 0.95 (.20) 0.93 (.23) 1.07 (.23) 1.02 (.25)
 DG: More than four 1.27 (.35) 1.07 (.31) 1.21 (.35) 1.35 (.41) 1.10 (.36)
 Assessment course 1.31 (.12)** 1.32 (.12)** 1.33 (.13)** 1.26 (.12)* 1.25 (.13)*

Source. U.S. Department of Education, Early Childhood Longitudinal Study, Kindergarten Class of 2010-11 (ECLS-K:2011), Restricted Dataset.
Note. Scale 0 = Never, 1 = Once, 2 = two times, 3 = three to four times, 4 = more than four times; reference group = 0. Model 2: teacher covariates 
include self-efficacy, years of experience, certification type, and highest education level obtained; Model 3: student covariates include race, disability 
status, English Learner status, gender, and risk status for reading or math; Model 4: school covariates include availability of support staff and Title 
1 status; Model 5 is a fully conditional model that controls for all student, teacher, and school covariates. Not all teachers responded to each item, 
leading to different numbers of respondents for each model. DI = PD to use data to identify skill deficits; DG = PD to use data to guide instruction; 
PD = professional development.
*p < .05. **p < .01. ***p < .001.
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with higher likelihood of teachers using data. Consistent with 
the literature, this suggests that more intensive training leads to 
increased teacher outcomes (Darling-Hammond et al., 2009; 
Desimone, 2009; Guskey & Yoon, 2009). It is, however, 
important to note that teachers who received as little as one 
session of training were significantly more likely to report fre-
quent data use for using data to monitor the progress of stu-
dents below benchmark in reading, and for using data to 
determine placement in more or less intensive levels of inter-
vention in reading. This seems to suggest that, at least for some 
data use outcomes, teachers may require a less intensive train-
ing on this particular topic to use data more frequently, which 
stands in contrast to existing literature (Darling-Hammond 
et al., 2009; Desimone, 2009; Guskey & Yoon, 2009). This 
suggests that brief, targeted training in the use of data to iden-
tify struggling readers may impact teacher use of data, which 
would make training teachers highly feasible.

PD that focused on using data to guide instruction only 
significantly predicted teachers’ frequent use of data for 
monitoring students below benchmark in math. This is 
potentially problematic as, to use data effectively for the 
purposes explored in this study, teachers need to use data 
not only to identify students, but to guide their instruction. 

Specifically, to adjust instruction, teachers should be moni-
toring specific skills, particularly for students below bench-
mark; identifying skill deficits to target with instruction; 
and using data to inform decisions on when to adjust inter-
vention intensity. There are several potential reasons that 
could explain this finding. First, the use of data for instruc-
tional decision-making requires a more nuanced skill-set 
than using data to identify struggling learners, which may 
require even more intensive training than that provided 
(e.g., Mandinach & Gummer, 2016). In addition to more 
intensive training, it could be that the format of training did 
not lend itself to the use of data to guide instructional deci-
sions. Although the format of training was not provided as a 
survey item, it has been noted that collaborative trainings 
are particularly important for data-focused trainings (e.g., 
Filderman et al., 2019; Datnow & Hubbard, 2016; Wayman 
& Jimerson, 2014). It is possible that the training provided 
was not collaborative or intensive enough; however, further 
research that explores training with a focus on using data to 
guide instruction is needed to determine how to promote the 
efficacy of this important training topic.

Finally, training provided in teacher preparation pro-
grams also comes into light as an important consideration in 

Table 3. Odds Ratios for Deficit Outcome.

Variables Model 1 Model 2 Model 3 Model 4 Model 5

Reading n = 3,660 n = 3,520 n = 3,370 n = 3,160 n = 2,830
 DI: One 1.34 (.24) 1.34 (.24) 1.36 (.24) 1.37 (.27) 1.39 (.27)
 DI: Two 1.46 (.27)* 1.48 (.27)** 1.50 (.28)* 1.39 (.27) 1.48 (.31)
 DI: Three to four 1.73 (.33)** 1.76 (.33)** 1.67 (.34)* 1.55 (.30)* 1.62 (.33)*
 DI: More than four 1.81 (.49)* 1.87 (.48)** 1.68 (.47) 1.60 (.46) 1.62 (.48)
 DG: One 1.19 (.17) 1.21 (.17) 1.13 (.16) 1.22 (.22) 1.14 (.22)
 DG: Two 1.20 (.20) 1.19 (.20) 1.24 (.21) 1.22 (.23) 1.19 (.24)
 DG: Three to four 1.03 (.20) 1.01 (.19) 1.01 (.21) 1.12 (.25) 1.01 (.23)
 DG: More than four 1.30 (.29) 1.23 (.25) 1.33 (.31) 1.24 (.31) 1.13 (.28)
 Assessment course 1.34 (.12)** 1.34 (.12)** 1.34 (.13)** 1.44 (.14)*** 1.45 (.16)**
Math n = 3,620 n = 3,480 n = 3,290 n = 3,130 n = 2,770
 DI: One 1.20 (.15) 1.28 (.17) 1.18 (.16) 1.23 (.17) 1.23 (.20)
 DI: Two 1.22 (.23) 1.27 (.24) 1.21 (.22) 1.38 (.29) 1.46 (.30)
 DI: Three to four 1.76 (.37)** 1.77 (.37)** 1.76 (.38)** 1.83 (.42)* 1.79 (.40)*
 DI: More than four 2.17 (.73)* 2.49 (.85)** 2.14 (.74)* 2.11 (.81) 2.26 (.87)*
 DG: One 1.16 (.16) 1.15 (.17) 1.14 (.18) 1.16 (.19) 1.14 (.21)
 DG: Two 1.14 (.21) 1.09 (.20) 1.10 (.21) 1.00 (.20) 0.91 (.19)
 DG: Three to four 0.99 (.20) 1.02 (.21) 0.95 (.22) 1.008 (.21) 1.09 (.24)
 DG: More than four 1.50 (.45) 1.29 (.38) 1.47 (.47) 1.45 (.48) 1.24 (.42)
 Assessment course 1.44 (.13)*** 1.48 (.14)*** 1.44 (.14)*** 1.41 (.13)*** 1.41 (.13)***

Source. U.S. Department of Education, Early Childhood Longitudinal Study, Kindergarten Class of 2010-11 (ECLS-K:2011), Restricted Dataset.
Note. Scale 0 = Never, 1 = Once, 2 = two times, 3 = three to four times, 4 = more than four times; reference group = 0. Model 2: teacher covariates 
include self-efficacy, years of experience, certification type, and highest education level obtained; Model 3: student covariates include race, disability 
status, English Learner status, gender, and risk status for reading or math; Model 4: school covariates include availability of support staff and Title 
1 status; Model 5 is a fully conditional model that controls for all student, teacher, and school covariates. Not all teachers responded to each item, 
leading to different numbers of respondents for each model. DI = PD to use data to identify skill deficits; DG = PD to use data to guide instruction; 
PD = professional development.
*p < .05. **p < .01. ***p < .001.
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teacher use of data. Across all of the outcomes for both con-
tent areas, having taken a course geared toward the use of 
assessment data proved to be associated with increased 
reports of frequent use of data. Again, there are several rea-
sons why taking a course may be increasingly important. 
First, it is possible that the higher intensity of a course (i.e., 
more than 20 hr of training on a specific topic; Darling-
Hammond et al., 2009; Desimone, 2009; Guskey & Yoon, 
2009) lead to more teacher learning and, correspondingly, 
use of skills learned in practice. Although it is possible that 
for some training topics, such as identifying struggling 
learners, fewer sessions are needed, for more intensive top-
ics, such as data use to guide instruction and to make sys-
tematic decisions for intervention intensification, more 
intensive trainings may be necessary. Second, it is possible 
that teachers receiving coursework during preservice prepa-
ration programs more readily adopt practices, as it has been 
demonstrated that new teachers are more likely to adopt 
new practices (Boardman et al., 2005). Finally, it is possible 
that teachers who took courses on this topic attended insti-
tutions that emphasized the use of data. This could have two 
potential impacts on teacher data use: teachers may already 
have been using data as a part of their practice, and it could 

have impacted their beliefs surrounding data use. As beliefs 
have been found to be particularly important for teacher use 
of newly learned practices (Boardman et al., 2005), as well 
as for data-specific practices (Datnow & Hubbard, 2016; 
Wayman & Jimerson, 2014), it is possible that beliefs are 
partially responsible for increased reports of data use. The 
finding that coursework was associated with more frequent 
data use across outcomes may promote data-focused course-
work as a way to improve teacher data use.

Mathematics and reading instruction. Results also differed 
based on academic content area. Namely, for math instruc-
tion, increases in data use were not consistent across out-
comes, more training sessions were needed to observe 
these effects, and PD to use data to guide instruction sig-
nificantly predicted use of data to monitor students who 
performed below benchmark. Each of these findings could 
be due to fewer studies being available on the use of data 
to intensify math instruction (Jung et al., 2018; Shapiro 
et al., 2005). As less is known about appropriate measure-
ment and goals for monitoring progress in this content 
area (Shapiro et al., 2005), teachers may have required 
more training due to a lack of previous exposure and 

Table 4. Odds Ratios for Benchmark Outcome.

Variables Model 1 Model 2 Model 3 Model 4 Model 5

Reading n = 3,660 n = 3,520 n = 3,370 n = 3,160 n = 2,830
 DI: One 1.63 (.30)* 1.62 (.31)* 1.67 (.31)** 1.69 (.38)* 1.68 (.36)*
 DI: Two 1.88 (.40)** 1.94 (.42)** 2.08 (.46)** 1.98 (.44)** 2.13 (.51)**
 DI: Three to four 2.29 (.52)*** 2.28 (.52)*** 2.31 (.54)*** 2.25 (.56)** 2.23 (.56)**
 DI: More than four 2.28 (.66)** 2.39 (.69)** 2.22 (.65)** 2.18 (.69)** 2.19 (.70)*
 DG: One 1.15 (.17) 1.18 (.17) 1.06 (.16) 1.09 (.17) 1.03 (.18)
 DG: Two 0.98 (.20) 0.99 (.20) 0.90 (.18) 0.83 (.18) 0.80 (.18)
 DG: Three to four 0.95 (.20) 0.96 (.20) 0.92 (.19) 0.95 (.23) 0.90 (.21)
 DG: More than four 1.07 (.26) 1.02 (.24) 1.03 (.26) 0.88 (.23) 0.80 (.22)
 Assessment course 1.27 (.12)** 1.28 (.12)** 1.33 (.13)** 1.37 (.13)** 1.46 (.16)**
Math n = 3,620 n = 3,480 n = 3,290 n = 3,130 n = 2,770
 DI: One 1.13 (.15) 1.19 (.16) 1.15 (.16) 1.07 (.16) 1.11 (.17)
 DI: Two 1.14 (.18) 1.17 (.19) 1.17 (.20) 1.07 (.19) 1.14 (.22)
 DI: Three to four 1.33 (.28) 1.41 (.31) 1.39 (.33) 1.23 (.25) 1.35 (.32)
 DI: More than four 1.77 (.51)* 1.94 (.60)* 1.72 (.51) 1.54 (.49) 1.51 (.51)
 DG: One 1.24 (.21) 1.25 (.21) 1.21 (.20) 1.32 (.25) 1.30 (.23)
 DG: Two 1.30 (.24) 1.27 (.24) 1.25 (.25) 1.33 (.26) 1.25 (.27)
 DG: Three to four 1.29 (.26) 1.29 (.27) 1.26 (.30) 1.58 (.30)* 1.51 (.31)*
 DG: More than four 1.81 (.40)** 1.64 (.38)* 1.80 (.40)** 1.84 (.43)** 1.73 (.41)*
 Assessment course 1.42 (.12)*** 1.43 (.13)*** 1.43 (.13)*** 1.37 (.12)*** 1.36 (.12)**

Source. U.S. Department of Education, Early Childhood Longitudinal Study, Kindergarten Class of 2010-11 (ECLS-K:2011), Restricted Dataset.
Note. Scale 0 = Never, 1 = Once, 2 = two times, 3 = three to four times, 4 = more than four times; reference group = 0. Model 2: teacher covariates 
include self-efficacy, years of experience, certification type, and highest education level obtained; Model 3: student covariates include race, disability 
status, English Learner status, gender, and risk status for reading or math; Model 4: school covariates include availability of support staff and Title 
1 status; Model 5 is a fully conditional model that controls for all student, teacher, and school covariates. Not all teachers responded to each item, 
leading to different numbers of respondents for each model. DI = PD to use data to identify skill deficits; DG = PD to use data to guide instruction; 
PD = professional development.
*p < .05. **p < .01. ***p < .001.
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learning entirely new content. This also would support the 
finding that training to guide instruction was associated 
with increased data use frequency for only the benchmark 
outcome, that is, it is possible that teachers were not previ-
ously aware of the specific math measurements that could 
be used to track progress, and therefore exposure to brief 
standardized measurements through this more specialized 
training increased teacher use of these measurements for 
tracking students below benchmark. This is particularly 
possible when considering the outcome of monitoring stu-
dents below benchmark, as this outcome is uniquely pri-
marily related to Tier 2 intervention as opposed to Tier 3 
intensive intervention, on which less research has been 
conducted (Shapiro et al., 2005). As legislation and 
research emphasize the need for data use for both reading 
and math, it is essential to determine how to improve data 
training effects for math instruction.

Limitations

As with much research that conducts secondary analyses, 
this study is limited by the survey items. One limitation of 

the survey items is that they rely on teacher self-report of 
their use of data. Although there are potential limitations 
associated with self-report, the most important of which is 
that actual use of data is not measured, self-report data has 
been found to be indicative of reported behaviors and has 
construct validity that matches if not exceeds those used in 
observational measurements (Chan, 2009). Moreover, 
observational data in itself has been found to have similar 
weaknesses, including struggles to meet inter-rater reliabil-
ity and disagreements on the frequency and duration of 
observations needed to capture behaviors (Hill et al., 2012). 
For these reasons, discrepancies between reported data use 
and actual data use are minimal when considering the other 
methods for capturing this construct. Another limitation of 
many secondary data analyses that does not escape the pres-
ent study is related to survey questions. Although the ques-
tions provided an important lens into how often teachers are 
using data for various purposes, the questions did not 
directly ask whether data were being used to adjust instruc-
tion for struggling students, or how data were being used to 
guide these decisions. The lack of specificity on the specific 
content or format of the training also limits conclusions that 
can be drawn.

Table 5. Odds Ratios for Placement Outcome.

Variables Model 1 Model 2 Model 3 Model 4 Model 5

Reading n = 3,660 n = 3,520 n = 3,370 n = 3,160 n = 2,830
 DI: One 1.90 (.38)* 1.86 (.40)** 1.93 (.40)* 1.84 (.40)** 1.89 (.45)**
 DI: Two 2.09 (.40)*** 2.05 (.41)*** 2.16 (.44)*** 1.95 (.40)** 2.05 (.47)**
 DI: Three to four 2.18 (.48)** 2.13 (.48)** 2.06 (.48)** 2.06 (.49)** 2.02 (.51)**
 DI: More than four 3.01 (.81)*** 2.78 (.77)*** 2.83 (.80)*** 2.71 (.74)*** 2.55 (.77)**
 DG: One 1.02 (.16) 1.03 (.16) 0.97 (.16) 1.01 (.16) 0.94 (.16)
 DG: Two 0.86 (.16) 0.87 (.17) 0.84 (.17) 0.87 (.19) 0.84 (.19)
 DG: Three to four 0.97 (.21) 0.96 (.21) 0.94 (.22) 1.04 (.26) 0.95 (.25)
 DG: More than four 1.02 (.24) 1.07 (.25) 1.03 (.26) 0.99 (.25) 0.99 (.27)
 Assessment course 1.22 (.10)* 1.17 (.10) 1.21 (.10)* 1.28 (.25)** 1.25 (.12)*
Math n = 3,610 n = 3,470 n = 3,280 n = 3,120 n = 2,760
 DI: One 1.22 (.16) 1.28 (.17) 1.25 (.17) 1.24 (.17) 1.28 (.19)
 DI: Two 1.25 (.19) 1.29 (.20) 1.28 (.19) 1.18 (.21) 1.27 (.24)
 DI: Three to four 1.37 (.25) 1.41 (.27) 1.42 (.27) 1.22 (.23) 1.38 (.28)
 DI: More than four 2.04 (.48)** 2.23 (.55)** 2.09 (.50)** 1.82 (.45)* 2.05 (.53)**
 DG: One 1.19 (.19) 1.20 (.20) 1.15 (.18) 1.21 (.21) 1.19 (.20)
 DG: Two 1.16 (.19) 1.13 (.20) 1.08 (.18) 1.21 (.22) 1.09 (.22)
 DG: Three to four 1.25 (.24) 1.23 (.23) 1.20 (.24) 1.53 (.30)* 1.36 (.29)
 DG: More than four 1.56 (.39) 1.44 (.37) 1.47 (.39) 1.65 (.45) 1.43 (.41)
 Assessment course 1.49 (.13)*** 1.46 (.13)*** 1.47 (.14)*** 1.48 (.13)*** 1.41 (.13)***

Source. U.S. Department of Education, Early Childhood Longitudinal Study, Kindergarten Class of 2010-11 (ECLS-K:2011), Restricted Dataset.
Note. Scale 0 = Never, 1 = Once, 2 = two times, 3 = three to four times, 4 = more than four times; reference group = 0. Model 2: teacher covariates 
include self-efficacy, years of experience, certification type, and highest education level obtained; Model 3: student covariates include race, disability 
status, English Learner status, gender, and risk status for reading or math; Model 4: school covariates include availability of support staff and Title 
1 status; Model 5 is a fully conditional model that controls for all student, teacher, and school covariates. Not all teachers responded to each item, 
leading to different numbers of respondents for each model. DI = PD to use data to identify skill deficits; DG = PD to use data to guide instruction; 
PD = professional development.
*p < .05. **p < .01. ***p < .001.
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Future Directions

Although these findings provide insight into the role of train-
ing on teachers’ use of data, future research is needed to 
address each of the noted limitations of the present study. 
First, research is needed that causally explores the relation-
ship between training and data use, as well as the content and 
format of training sessions that further improve data use out-
comes. To pursue this line of research, the development of 
more precise and replicable survey or observational measures 
of teacher use of data to guide instructional decisions in prac-
tice would provide additional insight into the more intensive 
uses of data in the classroom. By exploring the practical 
implications of data literacy training further, we can better 
understand what supports teachers need to use data effec-
tively which will lead to improved student outcomes.
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