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Abstract 

This paper describes an on-going project to develop a formative, inferential reading 

comprehension assessment of causal story comprehension. It has three features to enhance 

classroom use: equated scale scores for progress monitoring within and across grades, a scale 

score to distinguish among low-scoring students based on patterns of mistakes, and a reading 

efficiency index. Instead of two response types for each multiple-choice item, correct and 

incorrect, each item has three response types: correct and two incorrect response types. Prior 

results on reliability, convergent and discriminant validity, and predictive utility of mistake 

subscores are briefly described. The three-response-type structure of items required re-thinking 

the IRT modeling. IRT-modeling results are presented, and implications for formative 

assessments and instructional use are discussed.  
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Can We Learn from Student Mistakes in a Formative Reading Comprehension Assessment? 

Thorndike and Thorndike-Christ (2010, p. 68) define formative evaluation as assessment 

to guide future classroom instruction. In what follows, we describe the construction of an 

inferential reading comprehension assessment that has three characteristics designed to help 

guide classroom instruction on reading comprehension: multiple, equated forms for monitoring 

student progress over time; diagnostic scores describing a low-scoring student’s predominant 

incorrect answer type (if there is one), and a reading rate score to monitor the development of 

reading efficiency (i.e., automaticity, comprehension fluency).  

The test measures story causal sequence comprehension and is designed to be 

administered at one or more points before or during the instructional process.  Results can then 

be used to design classroom lessons and individualize student instruction.  For instance, the test 

might be administered at the beginning of the school year.  If students generally seem to display 

a predominant type of error, the teacher may want to increase the use of instructional strategies 

to address that form of mistake, for instance questioning strategies such as those described in 

McMaster et al. (2012, 2014) or Rapp (2007).  Or, if the assessment indicates that a particular 

student reads inefficiently, the teacher may want to design reading activities to improve the 

efficiency.  While the test can also be administered as an outcome or screening measure, it is 

designed to be administered as a pre-test with subscores that can be used in data-based design 

and individualization of instruction.  It is also designed to be administered in the midst of 

instruction for mid-course modification of instruction at the classroom or individual student 

level.  Indeed, many of the test’s innovative features are designed to inform instruction and 

cannot be fully utilized if the assessment is given only as an outcome measure post-instruction.   
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This paper begins with a description of the test itself and the literature on which we based 

its development. We present new data used to select IRT models appropriate for the data and 

purposes of the assessment. The selection of an IRT model was complicated by design decisions 

made to make the test diagnostic of student mistake patterns. Lastly, we discuss implications for 

the development of classroom use, as well as standardized and formative assessments.  

MOCCA. The test is the Multiple-choice Online Causal Comprehension Assessment 

(MOCCA). There are nine 40-item forms of MOCCA, three each in grades three, four, and five. 

Each MOCCA item is a seven-sentence narrative story with a causal sequence organized around 

a goal structure, in which the sixth sentence is missing from the story. Readers are prompted to 

choose a sentence that best fits where the missing sentence is in the sequence of the story.  

Rather than retrofitting an existing test for diagnostic purposes using an IRT model or 

constructing the test to comply with the assumptions of an existing IRT model, the goal was to 

construct the test for diagnostic purposes from the start and then choose or adapt an IRT model 

to the data and the intended assessment purposes.  

In its construction, MOCCA differs from other reading comprehension assessments in at 

least three respects. First, it is administered online using tablets or computers. This enables us to 

precisely measure item response times with the goal of using those response times to monitor 

student progress toward reading efficiency. Second, drawing from the curriculum-based 

measurement (CBM) literature (e.g., Van Norman, Christ, & Newell, 2017; Deno, 1985), it uses 

a modified maze task. In the familiar maze reading task, students read a sentence with a missing 

word, and are asked to select the response that best fills-in the missing word. CBM tasks are 

good for repeated measures of student progress within an academic year, whereas published 

standardized achievement assessments are not (Shin, Deno, & Espin, 2000). However, traditional 
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maze tasks may only be good at measuring sentence-level processing and comprehension 

(January & Ardoin, 2012). As illustrated in Figure 1, MOCCA uses a similar maze approach, 

except that students are asked to select a sentence from three alternatives that best fills in the 

sentence missing from the paragraph. This story-level maze approach requires discourse-level 

processing rather than simple word integration (i.e., semantic analysis; Kintsch & Rawson, 2005) 

at a sentence level.  Third, whereas most multiple-choice tests have two kinds of answers, correct 

and incorrect, each MOCCA item (story) has three kinds of responses, one correct answer and 

two types of incorrect answers: paraphrase and lateral connection. For students who make a 

number of mistakes, one can assess whether the student exhibits a predominant incorrect 

response pattern when choosing the sentence choices to complete the missing sentence.  

The correct answer, termed the causal coherent response, is the response that best 

completes the causal sequence of the story. The first type of incorrect response, paraphrase, 

simply paraphrases prior information (generally the goal, subgoal, or a combination of the two) 

without advancing the story or its causal sequence. The second type of incorrect response, the 

lateral connection response, is an elaboration of, evaluation of, or association with information in 

the story. That is, the response goes beyond the information in the story but does not complete 

the causal sequence. It may be an inference, and it may be accurate, but it does not fully 

complete the story (i.e., there is still a causal gap in the story). Paraphrase and lateral connections 

are different styles of incorrect responding.  In the example item shown in Figure 1, the main 

character’s goal is to go to the store with her dad. Moving down the alternatives, the responses 

represent the lateral connection, paraphrase, and causal coherent (correct) answers, respectively.  

The paraphrase response type simply restates the goal of the story; the lateral connection 

response type moves beyond the information in the story with an inference, but there is still 
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missing causal information; and finally, the causally coherent response type shows how her 

choice completes the story in a causal way because she is happy at the end.  

Equating. In the test construction process, one goal was to develop three forms at each 

grade, each with an overall comprehension scale score equated within and across grades so that 

teachers could monitor student comprehension skill within grades and across grades without 

administering a given form of the test more than once. Our plan was to use a familiar IRT 

equating design (Lord, 1980; Kolen & Brennan, 2014) and an IRT model consistent with the 

three-response type structure of items. Furthermore, in addition to the overall comprehension 

score, the test design required a score that could be used in classifying low-scoring students by 

their predominant incorrect answer type, if there was one. In the research reported below, we 

compared IRT models for a dimension of overall comprehension accuracy that could be used to 

equate forms within and across grades, and a second dimension that could be used to classify 

students by the predominant incorrect answer choice, where applicable.  

Incorrect Alternatives. Our two types of incorrect responses were drawn from think-

aloud research on inferential reading comprehension (e.g., Coté, Goldman, & Saul, 1998; 

McMaster et al., 2012; Trabasso & Magliano, 1996a, 1996b; Wolfe & Goldman, 2005). In think-

aloud tasks, students identified as poor comprehenders using criterion measures have been found 

to have a tendency to rely either on paraphrase or elaboration processes that correspond to our 

paraphrase and lateral connection response types. In the think-aloud research, many researchers 

use the term “elaborations,” rather than “lateral connection”. In our work, however, we use the 

term lateral connection because the lateral connection options include responses, such as 

associations or evaluations that involve judgements and inferences that go beyond simple 

elaborations.  
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Importantly, neither paraphrases nor lateral connections are incorrect in an absolute 

sense. Both are processes that facilitate comprehension, and in the context of literal 

comprehension, the correct answer would be a paraphrase.  Rather, the paraphrase and lateral 

connection processes, despite being generally supportive of comprehension, are incorrect in the 

context of MOCCA because they do not provide the necessary information to close the causal 

gap of the story. 

There is research indicating that in classroom instruction, poor comprehenders who 

predominantly paraphrase the text (“paraphrasers”) and those who predominantly make lateral 

connections (“lateral connectors”) respond differently to instruction (McMaster et al., 2012; 

Rapp et al., 2007). In these studies, paraphrasers benefitted more from a questioning strategy 

emphasizing general connection making (e.g., “Make a connection to what you previously 

read.”), whereas lateral connectors benefitted more from a questioning strategy more narrowly 

focused on causal connections (e.g., “Why was Janie happy?”).  However, a more recent study 

using small group instruction did not replicate these earlier results, perhaps because students 

were receiving optimal feedback about their understanding or lack of understanding of the text 

(McMaster, Espin, & van den Broek, 2014).  

The two types of poor comprehenders identified in think-aloud research demonstrate 

fundamentally different approaches to comprehension as a process with the paraphrasing poor 

comprehenders exhibiting a tendency to be overly reliant on the text for meaning and the lateral 

connection poor comprehenders exhibiting a tendency to indiscriminately make elaborations 

about the text.  MOCCA was developed to identify such tendencies in a more efficient manner.  

Structuring incorrect alternatives around common mistakes or misconceptions is hardly 

new (e.g., Delmas, Garfield, Ooms, & Chance, 2007; Hermann-Abell & DeBoear, 2011; 
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Hestenes, Wells, & Swackhamer, 1992; Sadler, 1998). Assessments that do so have been called 

distractor-driven assessments (Hestenes et al., 1992) or concept inventories (Sadler, 1998), and 

many of these assessments are found in the sciences (e.g., the Force Concept Inventory, Hestenes 

et al., 1992; the Genetics Concept Assessment; Smith, Wood, & Knight, 2008). However, these 

inventories generally contain examples of many different types of misconceptions, all of which 

appear as an option for only a few items, so the inventories do not yield reliable scores pertaining 

to any particular misconception. In contrast, MOCCA focuses on only two types of mistakes, 

paraphrase and lateral connection; includes both of these mistake types as an option for every 

item; and yields a reliable score for each response type: the number of items for which a 

paraphrase was chosen, and the number of items for which a lateral connection was chosen. 

Automaticity. MOCCA has also been influenced by the literature on reading 

automaticity, also called efficiency, fluency, or dual processing (Goldhammer, Naumann, Stelter, 

Tóth, Rölke, & Klieme, 2014; Laberge & Samuels, 1974; Perfetti, 2010; Perfetti & Lesgold, 

1979; Posner & Snyder, 1975; Samuels & Flor, 1997). The National Reading Panel (Rand, 2002) 

defined fluency in terms of accuracy, appropriate rate, and good expression. While the definition 

refers to appropriate rate, rather than a fast rate per se, measures of fluency use scores such as 

correct words per minute in which faster is better, other things being equal (e.g., Cianco et al., 

2015; Hale et al., 2011; McCane-Bowling et al., 2014; Skinner et al., 2002; Skinner et al., 2009). 

As a result, we were interested in whether response rate on comprehension items answered 

correctly could be used to monitor progress in attaining automaticity. We believe reading 

automaticity is necessary for purposes of reading to learn so that reading processes do not 

interfere with attention to content. While our progress on measures of automaticity is limited, a 

preliminary study showed that a measure of correct response rate was reliable (marginal 
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reliability of .87 - .90 depending on form and grade), and that it added modestly over and above 

response accuracy to prediction of which students will and will not attain proficiency on a 

statewide test (Biancarosa, et al., in press) in fourth and fifth grades, but not third.  

Item/Story Development 

Of the more than 500 stories written, 480 were selected for the pilot phase. All stories 

were reviewed for cultural and developmental appropriateness, among other things, by an 

external panel of six teachers who worked with Grades 3-5, including a special education teacher 

and a Title 1 specialist from a Spanish-English dual-language school. Items flagged by the 

teachers were reviewed and revised or dropped, with fewer than a dozen being dropped. Stories 

were then selected to balance forms within grade by readability as measured by Flesch-Kincaid 

Grade Level (Kincaid, Fishburne, Rogers, & Chissom, 1975) and other story features such as the 

gender of the main character, the explicitness of the goal in a story, and whether the end of the 

story satisfied the main goal or not.  

In the first year of the study, pilot data were collected in 23 schools and five districts 

from two states with third, fourth, and fifth grade students (n = 360, n = 307, n = 263 

respectively).  Results demonstrated that although there were differences in mean performance 

by ethnicity and gender, very few items demonstrated evidence of differential item functioning 

(DIF), suggesting little evidence of potential bias in the test items. As a result, 10 of the 480 

piloted items/stories demonstrating DIF were dropped. No apparent causes (e.g., the content of 

the story) could be discerned as an obvious reason behind the DIF of these items. Also important 

to note is that story statistics generated through Cohmetrix analyses (Graesser, McNamara, & 

Kulikowich, 2011) (H), such as multiple readability formula estimates and vocabulary load 

indices (e.g., lexical diversity, age of acquisition, polysemy), did not correlate with proportion 
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correct, indicating that test performance was unlikely predominantly a function of decoding or 

vocabulary ability. As a final validity check, classifications of poor comprehenders as 

paraphrasers and lateral connectors were triangulated with think-aloud data for a diverse 

subsample of students from one district. Results suggested that MOCCA was identifying the two 

poor comprehender types well. 

Item statistic results from the pilot study were then used to revise the remaining 470 

stories, predominantly with a focus on ensuring that lateral connections were consistent with the 

final emotion of the story and the paraphrases were consistent with any updating of the original 

goal. By design, we had more items than necessary. Thus, of the 480 stories piloted, we retained 

360 to allow for three forms of 40 items per grade level. Forms were again constructed to 

balance readability and story features across forms within grade, but also with a new focus on 

balancing for difficulty as measured by proportion correct. 

Pilot Research Results 

Reliability. Simple reliabilities, alpha, have been good to excellent for the raw number 

correct (NC) score and the number paraphrase (NP) score, but lower for the number lateral 

connection (NL) score. In year 1 pilot data, reliabilities for the NC score ranged from .92 to .95 

across grades and forms. Those for the NP score ranged from .71 - .89, and those for the NL 

score ranged from .49 - .74. In year 2 field test data, the NC score alphas ranged from .92 - .94, 

NP scores from .86 - .89, and NL scores from .72 - .82. While the scores based on incorrect 

answers have lower internal consistency reliabilities, perhaps due in part to their more restricted 

variances, nevertheless the NP score showed good to excellent reliabilities in both years and the 

NL score had consistently good reliabilities, at least in year 2. 
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Do Incorrect Responses Matter? Having shown that incorrect answer scores can be 

reliable, we turned to the question of whether those scores provide additional information not 

available from a simple NC score. To address this question, Biancarosa et al. (in press) employed 

a logistic regression analysis of incorrect answer profiles (Davison, Davenport, Chang, Vue, & 

Shiyang, 2015). For purposes of this analysis, students could be scored as incorrect for one of 

three reasons: a paraphrase response, a lateral connection response, or not completing the item. 

Using a subset of the Year 2 field test data for which statewide test data was available (Smarter 

Balanced Assessment Consortium, 2017), two logistic regression models were fit within each 

grade (Biancarosa, in press). The criterion variable was the same for both models: a dichotomous 

indicator of whether the student reached proficiency on the statewide exam. In Model 1, there 

was only one predictor, the total score. In Model 2, there were three predictors, the three 

incorrect answer scores: NP, NL, and not-reached (NR). In all three grades, Model 2, with the 

mistake types as predictors, fit the data significantly better (p < .05) than Model 1 with only the 

total score as the predictor.  

Areas under (AUC) receiver operating characteristic (ROC) curves generated from Model 

1 and Model 2 predicted probabilities exceeded .8 for all grades and both models, and in each 

grade, the ROC for Model 2 was as high or higher than that for Model 1 at almost every level of 

specificity, with the exception of the extreme ends of the curve. That is, holding specificity 

constant, the sensitivity was almost always as high or higher for Model 2 than Model 1, although 

the differences were most notable in third grade. These results suggest that the student profile of 

mistakes in Model 2 (NP, NL, and NR) carries information that can improve model fit and 

prediction over and above that contained in the total score (Model 1). Further, in fourth and fifth 

grade, but not third grade, it was found that an index of rate, minutes per correct response, 
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improved model fit over and above the number correct score and the incorrect answer propensity 

scores.  

Convergent and Discriminant Validity. Using Year 1 data, Davison et al. (2018) found 

that, in seven samples ranging from 36 – 112 students, MOCCA was significantly correlated 

with other standardized reading tests. Even though MOCCA is focused on inferential, story 

causal sequence comprehension, it is correlated with other reading and language arts tests with a 

broader content coverage.  Furthermore, in those same samples, MOCCA was more highly 

correlated with reading test scores than with math test scores, although it was consistently 

correlated significantly with the math scores as well. The evidence in these analyses supports the 

convergent and discriminant validity of MOCCA.  

In the current study, two research questions were examined: What is the best item 

response model on which to base a measure of overall accuracy for the purpose of equating 

accuracy scores across forms and grades, and what is the best item response model on which to 

base an index indicating the student’s predominant error type, if indeed the student has one? 

Methods  

Participants 

The sample was a national convenience sample from 59 schools in 32 districts and 14 

states, including 1,577 students in third grade, 1,498 students in fourth grade, and 1,215 students 

in fifth grade. Across grades and forms, the sample was 51% male, 10% English language 

learners, 51% free and reduced meal status, and 11% special education students. In ethnicity, 7% 

Black, 3% Asian, 23% Hispanic, and 64% White. Thus, the sample was quite representative of 

US demographics, with only moderate under-representation of Black students. 

Measure 
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Each MOCCA form contains 40 items consisting of a seven-sentence story in which the 

sixth sentence is missing. From three alternatives, students must select the sentence that best 

completes the story.  Each story has only one item, so MOCCA does not have a testlet structure. 

Within grade, stories were assigned to forms so that the average story reading level and number 

of words per story was as nearly equal as possible. Within the reading level and number of words 

constraint, stories were randomly assigned to forms within grade. For each grade, story reading 

levels range from one level below grade to one level above grade. For instance, in third grade, 

forms contain stories with reading levels from second through fourth grade, with a mean of 3.0 

on the Flesch-Kincaid scale. 

Procedure 

In MOCCA, directions are shown to the student on a screen with two sample items. By 

selecting a button, the student can choose to have the directions read. Students were randomly 

assigned to forms, and each student took the form they were assigned on a laptop or tablet in a 

computer lab or classroom. The test is untimed, but teachers often limited the amount of time to 

approximately one period, about 45 minutes with a range of 30 – 60 minutes.  Students were 

required to answer each item before they could move to the next item. As a result, the only items 

left blank (if any) were ones at the end of the test that the student did not reach.  

Comprehension Dimension  

Given the unusual nature of the response options, we began our efforts to model 

comprehension by plotting empirical test option response functions (Figure 2). To create these 

graphs, items were scored dichotomously, a two-parameter logistic model was fit to the 

dichotomously scored items, and then for each of 15 intervals along the 2PL θ continuum, we 

plotted the mean number of items endorsed in each response category. Since each option type 
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appears in all 40 items, these means could range from 0 to 40. While the 2PL model was used to 

estimate θ, the main results in the graphs are not sensitive to the choice of dichotomous model, 

because the correlations of the θ scores for various dichotomous models (not shown) are so high.  

The response variables in Equation 1 fall between an ordered polytomous variable and a 

nominal response variable in that the response options are partially ordered. Conceptually, the 

correct answer is above the two incorrect answers, but the incorrect answers are not ordered. 

However, Figure 2 shows that the lateral connection response curve has a unimodal, 

nonmonotonic empirical test option response function, and so it behaves somewhat like a middle 

category in an ordered polytomous variable. Thus, for the purposes of estimating an IRT-based 

comprehension score, we coded the response of person i on item j as: 

𝑥𝑖𝑗 = 0 if paraphrase response       (1) 

      = 1 if lateral connection response 

      = 2 if correct (causally coherent) response 

Given the conceptual partial ordering and the test option response functions shown in 

Figure 2, we decided to fit both ordered and nominal models for polytomous data. The following 

decision rule was adopted regarding fit: on the basis of the AIC and BIC, select the model that 

performs best across all forms and grades from among those with acceptable RMSEAs (RMSEA ≤ 

.09; Browne & Cudeck, 1992; Hu & Bentler, 1999; Maydeu-Olivares & Joe, 2014). Also, we 

preferred to use the same model for all forms. 

Incorrect Response Propensity (IRP) Dimension 

A second goal was to develop an IRT-based score that could be used to identify low-

scoring students with a strong propensity toward either the lateral connection or the paraphrase 

response. Initially, we examined a simple raw score indicator, the number of paraphrase 
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responses (NP) chosen minus the number of lateral connection responses (NL) chosen, NP – NL. 

The NP – NL score can be considered a measure of a bipolar dimension in which students who 

choose only paraphrase responses are at the upper extreme, and students who choose only lateral 

connection responses are at the lower extreme. The intuitive appeal of this simple raw score 

indicator led us to consider a rather unusual coding of the item data such that, if a student 

answered every item, the total item score would be within an additive constant of NP – NL (i.e., 

NP – NL + 40) and also a sufficient statistic for estimating the latent variable θ, assuming the 

data satisfied the partial credit model. That is, if ifx is the score of person i on item j, then in this 

second coding, 

𝑥𝑖𝑗 = 2 if the paraphrase response is chosen      (2) 

= 1 if the correct, causally coherent response is chosen 

= 0 if the lateral connection response is chosen. 

With 40 items, if the student answers every item, the simple total score will range from 0 to 80. 

We are all familiar with simple rating scales with a neutral category for the measurement 

of attitudes, such as the following: 

□ Disagree □ Neither Agree □ Agree 

Nor Disagree 

In the coding above, the multiple-choice responses are conceived as a quasi-rating scale 

with the correct response as a neutral point. Rather than being “Neither Agree nor Disagree,” 

however, the neutral point is “Neither Paraphrase nor Lateral Connection.” This pseudo-rating 

scale is bipolar, with “Lateral Connection” at one end and “Paraphrase” at the other.  

□ Lateral Connection □ Neither Paraphrase □ Paraphrase 

Nor Lateral Connection  
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The partial credit model is a model for ordered polytomous responses categories. If the 

partial credit model holds, the total of the item scores is a sufficient statistic for estimating the 

underlying θ parameters (DeAyala, 2009, p. 169; Masters, 1982; Wright & Masters, 1982). With 

the coding in Equation 2 and given that a student answers every item, then with a little algebra 

(see Appendix), the total score can be shown to be within an additive constant of the difference 

(NP – NL). To explain this conceptually, one can conceive of computing the total score by 

initially giving each person a score of 40 points prior to beginning the test and then subtracting 

one point for every lateral connection response and adding one point for every paraphrase 

response. Then the person’s total score would equal 40 + (NP – NL). As this expression shows, 

the person’s total score is within an additive constant of the difference (NP – NL), and the total 

score is a sufficient statistic for estimating θ in the partial credit model. Therefore, the difference 

(NP – NL) would also be a sufficient statistic for estimating θ in the partial credit model. (NP – 

NL) is a difference or contrast between NP and NL, and variables that reflect such contrasts have 

been called style variables or within-person contrast dimensions (Messick, 1994). In our context, 

“style” means the student’s predominant style of reasoning and/or response when providing an 

incorrect response.  

The sufficiency of 40 + (NP – NL) led us to code the data as in Equation 2, and to fit the 

partial credit model and two competing models that do not assume equal item discriminations, 

the generalized partial credit model and the graded response model. In these models, the θ 

dimension is conceived as a bipolar dimension, with students who predominantly choose the 

lateral connection response at the negative end, and students who predominantly choose the 

paraphrase response at the positive end. In the middle are students who choose the two types of 
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incorrect responses (approximately) equally often and includes students who get most items 

correct.  

Results 

In our norming data, 84% of 3rd graders completed all of the items.  For 4th and 5th 

grades, the corresponding figures are 74% and 90%.  The average number of items completed 

was 37, 34, and 38 for 3rd, 4th, and 5th graders respectively.  The average number of minutes 

spent on the test was 39, 34, and 39 for 3rd, 4th, and 5th graders.   

Comprehension Dimension  

Table 1 shows the fit measures for the ordered and nominal polytomous models: graded 

response model (Samejima, 1969), generalized partial credit (Muraki, 1992), and nominal 

models (Bock, 1972). Comparing the AIC and BIC, the nominal and graded response models 

tended to have the lowest values, but the choice between these two models was not entirely clear. 

Of the three models, the AIC for the nominal model was lowest for all nine forms. For the BIC, 

the graded response model had the lowest value for seven forms, and the nominal model had the 

lowest BIC for the remaining two forms. Further, differences in the AIC and BIC for the two 

models was not always large. The RMSEA is meaningless for the nominal model (Maydeu-

Olivares & Joe, 2014), so is not reported. The RMSEA for the graded response model ranged 

from .00 - .50, and was at least acceptable (RMSEA < .09) for eight of the nine forms. 

Close examination of the discrimination parameters (not shown) for the nominal model, 

helps explain why that model tended to have better fit measures, at least better AIC, but also why 

an ordered polytomous model, the graded response model was a close second. If the nominal 

model is fit to three ordered categories, one would expect the ordering of the nominal model 

discrimination parameters to correspond with the ordering of the categories. On all nine forms, 
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the discrimination parameters for the correct alternative was the highest. For most, but not all, of 

the items, the category discrimination orderings were paraphrase < lateral connection < causally 

coherent, the ordering in Figure 1, and so the graded response model based on this ordering fit 

reasonably well for most forms, as reflected in the BICs. However, at the item level, there were 

exceptions to this ordering of discrimination parameters, which resulted in the nominal model 

fitting somewhat better, at least as measured by the AIC. 

In developing an overall measure of comprehension, does the choice of model matter 

practically? Table 2 shows the correlations of the θ estimates from the nominal model and the 

graded response model. To two decimal places, the θ correlations are 1.00 for the graded and 

nominal models across all nine forms. To allow for a comparison of the θ estimates from a more 

familiar dichotomous model (i.e., correct/incorrect), Table 2 shows the correlations of score 

estimates from polytomous models with those from the 3PL model with guessing parameters 

constrained equal across items (3PLC), the best fitting of several dichotomous models. These 

ranged from .98 to 1.00. Marginal reliability estimates for the polytomous models ranged from 

ranged from .86 to .92.   

It should be noted that the data to which we have applied the nominal model is somewhat 

different from the multiple-choice data in most other applications (e.g., Sadler, 1998). In our 

data, the incorrect option categories represent meaningful categories. That is, category 1 was the 

same type of option, paraphrase, for every item; category 2 was a lateral connection option for 

every item. In most other applications, the content of the option category varies unsystematically 

from item to item.  Nevertheless, given the high correlation between the 3PLC and polytomous 

model θs and given that dichotomous models are more commonly used with achievement data, 
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some of our colleagues have questioned whether switching to a nominal model for the causally 

coherent dimension is warranted. 

Incorrect Response Propensity (IRP) Dimension 

Table 3 shows the fit measures for the IRP models. For all nine forms, the AIC was 

lowest for the graded response model, and the BIC was lowest for the partial credit model. Given 

skepticism regarding the equal discrimination parameter of the partial credit model, our tentative 

plan is to use the graded response model for measuring the IRP dimension, although that may 

change once we have compared the fit of the graded and partial credit models using the complete 

norming and equating sample data now being collected. The marginal reliability estimates for θ 

of the graded response model ranged from .59 to .70.  

Table 2 shows the correlation of the IRP dimension scores (using the graded response 

model) with comprehension scores based on the 3PLC, graded response, and nominal models. 

These correlations display similar trends across the grades and forms. Using the IRP and nominal 

model comprehension scores to illustrate the trends, the correlations were generally negative and 

decreasing by grade. Across the three forms within each grade, the correlations ranged from -

.494 to -.363 in third grade, from -.403 to -.229 in fourth grade, and -.255 to .127 in fifth grade. 

These correlations provided support for the discriminant validity of the IRP dimension, in that 

the absolute values of these correlations suggest that the IRP dimension is distinct from the 

comprehension dimension. In third and fourth grade, and to a lesser extent in fifth grade, the 

correlations are negative, suggesting that a propensity toward the paraphrase end of the IRP 

dimension is associated with lower comprehension scores. As shown in Figure 2, those at the 

lowest levels of comprehension show a strong predominance of paraphrase over lateral 
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connection responses, but at higher levels of comprehension, lateral connection responses 

become slightly more predominant.  

Discussion 

Results to date provide evidence for the reliability of the raw comprehension score 

(number correct), the IRT comprehension dimension score, and raw scores for the error 

propensities (NP, NL, and NR).  Familiar IRT models seem appropriate for MOCCA response 

variables and will serve as the basis for equating across forms and grades.  While MOCCA was 

not designed as a summative assessment, correlations of the total correct score with standardized 

reading and math measures display a pattern that support both the convergent and discriminant 

validity of MOCCA with respect to existing reading and math measures.  The MOCCA total 

score may be useful as a summative measure or a screening measure, but its efficiency and error 

propensity scores were designed for formative application in the design of classroom and 

individual instruction.  Specifically, MOCCA is designed to provide error propensity and 

efficiency scores useful for instructional planning when applied formatively without sacrificing 

information about overall comprehension ability similar to that provided by existing assessments.  

It should be noted, however, that in predicting summative SBAC scores (Biancarosa et al., 

2018), error propensity scores were found to add predictive validity over and above that provided 

by a single comprehension score.  Our student samples have been diverse, and items have been 

screened for differential item functioning by gender and, to a lesser extent, ethnicity (only 

Hispanics vs. Whites due to sample size limitations).  This diversity enhances generalization to 

diverse populations, but it does not ensure that results generalize equally well to every 

subpopulation.  
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As we complete development of MOCCA, we are using IRT to equate the causally 

coherent dimension across forms to facilitate tracking student growth within and across grades.  

Then, we plan to fit a separate unidimensional graded response model for the incorrect response 

variables as a way to identify students who predominantly favor the paraphrase or lateral 

connection responses and identify items that best discriminate between students who 

predominantly choose one or the other type of incorrect response. In student reports, we do not 

plan to report the incorrect response propensity score, but we do plan to identify students with 

scores at least one standard deviation below the mean as possible lateral connectors, and 

students with scores at least one standard deviation above the mean as possible paraphrasers. 

Classroom Application 

MOCCA has both practical and technical aspects that make the test data pertinent to 

classroom application.  From a technical perspective, as stated in the introduction, the design of 

the MOCCA forms has three critical features to make the test data useful formatively. The first is 

an IRT-based comprehension score that can be used to equate forms within and across grades so 

that student progress can be monitored longitudinally on up to three occasions within a grade and 

across the three grades without using the same form more than once for any given student.  We 

plan to use an anchor item design and the normative sample data currently being collected for the 

equating.  

The second design feature involves using a cut-score on the comprehension dimension to 

identify poor comprehenders who show a predominant incorrect response type. Poor 

comprehenders with a score one or more standard deviations below the mean on the IRP 

dimension will be flagged as possible lateral connectors.  Those poor comprehenders with an 
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IRP dimension score one or more standard deviations above the mean will be classified as 

possible paraphrasers. 

Third, the MOCCA design also allows for the development of scores to reflect 

automaticity or efficiency of response. To date, we have reported only a reading comprehension 

efficiency measure, minutes per correct response: the total amount of testing time divided by 

number of correct responses. Early results (Biancarosa, 2018) indicate that, at least at some 

grades, the efficiency index reflects information with incremental validity in predicting 

proficiency on a statewide test. The efficiency index is at an earlier stage in development and 

implementation than are the other two major design features, although none are at the final stage 

of implementation.  

Practically, teachers have identified four useful implications of administering MOCCA in 

their classrooms. First, MOCCA can diagnose a student’s comprehension issue (i.e., paraphrases 

or lateral connections). Traditional standardized comprehension assessments cannot do this. 

Instead, those assessments can only indicate whether a student is struggling or not with 

comprehension; they cannot identify why the student struggles. Second, as a result of the 

diagnosis, teachers have indicated that they can better identify students and form appropriate 

reading groups. Classroom teachers use a variety of instructional techniques and settings to 

maximize learning. This includes whole class, small group, and individual instruction. MOCCA 

subscores and diagnoses enable teachers to appropriately group students with similar issues for 

efficient instruction.  

Third, also as a result of diagnosis, student groupings, and previous research, teachers can 

appropriately select texts, reading strategies, and interventions for students. As previously 

indicated, teachers can utilize appropriate questioning techniques while teaching to aid student 
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cognition (e.g., McMaster et al., 2012). With “paraphrasers,” teachers (or reading partners) can 

encourage them to make a connection between the just-read text and something that they 

previously read in the text. With “lateral connectors” or “elaborators,” teachers can prompt them 

to make a causal connection within the text (i.e., “Why did …?”). Finally, based on recent 

survey data asking teachers for feedback based on the MOCCA results from their classrooms, 

some teachers found MOCCA data to be useful for triangulating with other reading measures and 

monitoring student growth.  

No single reading assessment can measure and identify all issues associated with reading. 

Nor do all struggling readers struggle the same way. Some reading assessments are appropriate 

for identifying issues that struggling readers have with vocabulary. Other reading assessments 

are appropriate for identifying issues with fluency or decoding. MOCCA is appropriate for, and 

was systematically designed to, identify issues of poor and slow comprehension. In combination 

with other assessments, MOCCA could help identify a reader who gets the gist of a text (i.e., 

sufficient vocabulary and decoding skills) but is unable to make appropriate inferences while 

reading.  

We conceptualize reading like learning to play the piano or shoot free throws in 

basketball: doing any of these things well requires both instruction and practice. In the literature 

on automaticity, structured practice is the most commonly mentioned intervention (LaBerge & 

Samuels, 1974; Logan, 1997; Samuels & Flor, 1997). Hence, structured practice would seem to 

be an appropriate intervention for students with good comprehension but poor efficiency. To 

date, work based on think-aloud measures suggests that poor comprehension can be addressed 

through questioning interventions and that in classroom settings (but perhaps not in small group 

tutoring interventions), paraphrasers and lateral connectors respond differentially to such 
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questioning interventions (McMaster et al., 2012; McMaster et al, 2014; Rapp et al., 2007). It is a 

matter for future research whether individualizing instruction for poor comprehenders based on 

comprehension scores and IRP-based classifications (i.e., paraphraser vs. lateral connector) will 

improve instruction. Like most, if not all tests designed for formative classroom use, the 

instructional effects of MOCCA are a matter for future research.  

Conclusion 

In conclusion, we return briefly to the question posed in the title of this manuscript: “Can 

we learn from student mistakes in a formative reading comprehension test?” In two senses, the 

answer is a tentative “yes,” pending future research. The data reported in Biancarosa et al. (2018) 

suggest that information about student mistakes can be useful in identifying students at risk of 

failing to reach proficiency on a statewide exam. Among students with equal numbers of 

mistakes, those with a predominance of lateral connection errors were more at risk, especially in 

third and fifth grades; whereas those with a predominance of items not reached were less at risk. 

Second, the findings by McMaster et al. (2012) and Rapp et al. (2007), tempered by the results of 

McMaster et al. (2014), suggest that information about mistakes may be useful in individualizing 

interventions for struggling comprehenders.  

However, as in most test development projects, extensive work on validity (construct, 

criterion-related, and instructional) must wait until after the norming and calibration phases. 

Such validation can take an extensive period of time. Beyond MOCCA, which has a unique item 

design, the question remains as to whether and what extent subscores based on meaningful 

distractors and efficiency can be developed for other reading tests and tests in other content 

areas. 
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The unique features of MOCCA cannot be fully utilized unless it is administered prior to 

or early in the instructional process, so that the information provided by those features can 

inform the instructional design and student individualization processes. 
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Appendix 

With the point assignment in Equation 2, the total score T will be  

T = 0*NL + 1*NC + 2*NP       (A1) 

= NC + 2*NP        (A2) 

Given a student who answers every item, the sum of the three subscores will be 40:  

NL + NC + NP = 40        (A3) 

Utilizing the relationship in A2 and A3 

T = NC + 2*NP        (A4) 

= NC + 2*NP + [40 - (NL + NC + NP)]     (A5) 

= NP – NL + 40        (A6) 

Hence, given the item coding in Equation 2, the total of the item scores will be within an additive 

constant of the difference NP – NL. Since the total score is a sufficient statistic for estimating θ 

in the partial credit model, the difference NP – NL will also be a sufficient statistic for estimating 

θ. Hence, the θ estimate can be considered an index of the same dimension as is NP – NL. Maris 

and van der Maas (2012) use a similar line of reasoning to justify their IRT model based on a 

scoring rule that leads to a sufficient statistic for estimating θ just as we have justified the partial 

credit model based on the fact that it leads to a total score that is within an additive constant of a 

scoring rule that provides a sufficient statistic for the model and an intuitively plausible index of 

the construct, propensity to favor paraphrase or lateral connection responses. 
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Table 1 

Fit Measures for Comprehension Dimension Polytomous Models by Form 

Form Measures Nominal GRM GPC PC 

Form 3.1 

AIC 30254.84 30406.65 30590.85 30797.58 

BIC 30941.19 30921.41 31105.62 31145.04 

RMSEA  0.00 0.00 0.00 

Form 3.2 

AIC 30893.37 30980.82 31121.42 31266.31 

BIC 31573.37 31490.82 31631.42 31610.56 

RMSEA  0.00 0.00 0.17 

Form 3.3 

AIC 27507.57 27703.47 27903.56 28168.89 

BIC 28188.80 28213.93 28414.02 28513.45 

RMSEA  0.04 0.08 0.00 

Form 4.1 

AIC 25751.35 25838.98 25994.56 26095.49 

BIC 26431.65 26349.21 26504.79 26439.89 

RMSEA  0.07 0.00 0.03 

Form 4.2 

AIC 24797.85 24947.38 25111.55 25199.78 

BIC 25472.19 25453.14 25617.31 25541.17 

RMSEA  0.05 0.00 0.05 

Form 4.3 

AIC 23801.40 23865.53 24045.86 24243.11 

BIC 24468.87 24366.13 24546.46 24581.01 

RMSEA  0.03 0.00 0.10 

Form 5.1 

AIC 22521.90 22633.01 22749.84 22940.31 

BIC 23174.33 23122.33 23239.16 23270.6 

RMSEA  0.50 0.10 0.00 

Form 5.2 

AIC 18494.37 18613.78 18740.07 19020.99 

BIC 19130.99 19091.25 19217.54 19343.28 

RMSEA  0.05 0.08 0.11 

Form 5.3 

AIC 18694.55 18766.24 18912.48 19183.6 

BIC 19326.66 19240.31 19386.55 19503.6 

RMSEA   0.02 0.00 0.00 

Note: GRM = graded response model, GPC = generalized partial credit model, PC = partial 

credit model, AIC = Akaike information criterion, BIC = Bayesian information criterion, and 

RMSEA = root mean square of approximation. 
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Table 2 

Theta Correlations of Comprehension Dimension (3PLC, GRM, NRM Models) and IRP 

Dimension 

Form  3PLC NRM 3PL GRM NRM GRM 3PLC IRP  NRM IRP  GRM IRP 

3.1 0.989 0.984 0.996 -0.473 -0.494 -0.533 

3.2 0.989 0.986 0.997 -0.418 -0.464 -0.480 

3.3 0.990 0.987 0.996 -0.361 -0.363 -0.398 

4.1 0.994 0.992 0.998 -0.389 -0.395 -0.408 

4.2 0.990 0.988 0.997 -0.389 -0.403 -0.422 

4.3 0.995 0.992 0.998 -0.218 -0.229 -0.239 

5.1 0.991 0.992 0.997 -0.257 -0.255 -0.266 

5.2 0.993 0.993 0.997 -0.241 -0.254 -0.241 

5.3 0.998 0.992 0.998 0.053 0.127 0.139 

Note:  3PLC = 3 parameter logistic model of comprehension dimension with equality 

constrained guessing parameters; NRM = nominal response model of comprehension dimension; 

GRM = graded response model of comprehension dimension; IRP = graded response model of 

incorrect response propensity dimension. 
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Table 3 

Fit Measures for Incorrect Response Propensity Models by Form 

Form Measures GRM GPC PC 

Form 3.1 

AIC 34832.54 34918.16 34928.11 

BIC 35347.30 35432.93 35275.58 

RMSEA 0.00 0.00 0.04 

Form 3.2 

AIC 34783.59 34821.34 34826.35 

BIC 35293.58 35331.34 35170.60 

RMSEA 0.00 0.00 0.00 

Form 3.3 

AIC 31632.16 31668.06 31675.98 

BIC 32142.62 32178.52 32020.54 

RMSEA 0.10 0.09 0.00 

Form 4.1 

AIC 29987.25 30018.02 30024.94 

BIC 30497.48 30528.25 30369.35 

RMSEA 0.00 0.00 0.00 

Form 4.2 

AIC 28849.58 28890.29 28886.68 

BIC 29355.34 29396.04 29228.06 

RMSEA 0.05 0.00 0.03 

Form 4.3 

AIC 27552.85 27586.93 27622.59 

BIC 28053.45 28087.53 27960.50 

RMSEA 0.00 0.00 0.00 

Form 5.1 

AIC 25864.50 25890.99 25915.30 

BIC 26353.81 26380.31 26245.59 

RMSEA 0.09 0.00 0.15 

Form 5.2 

AIC 21500.10 21519.53 21565.05 

BIC 21977.56 21997.00 21887.34 

RMSEA 0.02 0.00 0.00 

Form 5.3 

AIC 22186.52 22216.06 22249.61 

BIC 22660.59 22690.13 22569.61 

RMSEA 0.05 0.02 0.01 

Note: GRM = graded response model, GPC = generalized partial credit model, PC = partial 

credit model, AIC = Akaike information criterion, BIC = Bayesian information criterion, and 

RMSEA = root mean square of approximation. 
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Figure Captions 

Figure 1. Screen shot of practice item with, from top to bottom, the lateral connection, 

paraphrase, and causal coherent (correct) answers respectively.  

Figure 2. Average numbers of responses by theta and response type. 
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Figure 1. Screen shot of practice item with, from top to bottom, the lateral connection, paraphrase, and causal coherent (correct) 

answers respectively. 
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Figure 2. Average numbers of responses by theta and response type. 
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