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Abstract 

Written expression curriculum-based measurement (WE-CBM) is a formative assessment 

approach for screening and progress monitoring. To extend evaluation of WE-CBM, we 

compared hand-calculated and automated scoring approaches in relation to the number of 

screening samples needed per student for valid scores, the long-term predictive validity and 

diagnostic accuracy of scores, and predictive and diagnostic bias for underrepresented student 

groups. Second- to fifth-grade students (n = 609) completed five WE-CBM tasks during one 

academic year and a standardized writing test in fourth and seventh grade. Averaging WE-CBM 

scores across multiple samples improved validity. Complex hand-calculated metrics and 

automated tools outperformed simpler metrics for the long-term prediction of writing 

performance. No evidence of bias was observed between African American and Hispanic 

students. The study will illustrate the absence of test bias as necessary condition for fair and 

equitable screening procedures and the importance of future research to include comparisons 

with majority groups. 

Keywords: written expression, curriculum-based measurement, automated text 

evaluation, predictive validity, predictive bias   
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Evaluating Validity and Bias for Hand-Calculated and Automated Written Expression 

Curriculum-Based Measurement Scores 

To effectively adjust writing instruction to meet the needs of struggling writers, educators 

need assessments that can be used to efficiently screen students and identify those requiring 

additional supports as well as monitor student writing skill over time. Written expression 

curriculum-based measurement (WE-CBM) is a formative assessment approach that has been 

evaluated mostly for use in screening (Ritchey & Coker, 2013) with fewer studies of progress 

monitoring (e.g., McMaster et al., 2017). In WE-CBM, students write in response to a prompt 

within a given time, typically three to five min; then, written production is scored for quantitative 

metrics (McMaster & Espin, 2007).  

Research on WE-CBM for screening has focused on several key aspects of reliability and 

validity, namely identifying specific administration procedures (e.g., task duration and number of 

writing samples per occasion) and scoring approaches (e.g., hand-calculated vs. automated) that 

yield optimal estimates of written expression skill. Although research has highlighted the limited 

reliability of WE-CBM scores estimated from one sample (Keller-Margulis et al., 2016), the 

number of samples necessary for optimal validity is unclear. Several other key aspects of WE-

CBM have not been investigated, such as its ability to predict writing proficiency over long time 

intervals, the use of automated approaches to generate writing scores, or the potential for 

predictive bias. The lack of evidence linking WE-CBM scores with long-term outcomes limits 

the interpretation and use of scores for longitudinal research. Moreover, although automated 

approaches offer to improve scoring feasibility, there is limited support for the validity and 

reliability of its scores. Lastly, the use of biased screening assessments might lead to incorrect 
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identification of at-risk students, possibly resulting in adverse consequences for students from 

underrepresented racial or ethnic groups (Kane, 2013).  

The present study addresses three gaps in the literature by evaluating (a) the number of 

writing samples needed for optimal long-term validity and diagnostic accuracy, (b) the extent to 

which predictive validity and diagnostic accuracy differ across hand-calculated and automated 

scoring approaches, and (c) the predictive and diagnostic bias of WE-CBM when used for 

screening with students of different racial and ethnic groups. 

How Many Screening Samples are Needed? 

Screening with WE-CBM typically involves administration of one writing sample per 

student per occasion, but this is based on the inference that scores from one sample adequately 

represent the expected score on all WE-CBM tasks administered under similar circumstances. 

The underlying assumption is that performance in response to a particular prompt does not differ 

significantly from alternate prompts. Although alternate-form reliability evidence supports the 

use of hand-calculated WE-CBM metrics for relative decisions such as rank-ordering students 

(Marston & Deno, 1981; Weissenburger & Espin, 2005), it would be problematic to rely on such 

evidence in the context of absolute decisions such as comparing obtained scores to performance 

standards or monitoring change over time (Keller-Margulis et al., 2016). In fact, moderate to 

strong correlations between two or more scores obtained for the same metric simply reflect a 

similar rank order of the students across forms; however, the difference between scores obtained 

on two or more forms by each student might still be substantial.  

To better evaluate alternate-form reliability, scholars have used generalizability theory 

(Shavelson & Webb, 1991) to determine the optimal number of writing samples per occasion for 

reliable absolute decisions. Collectively, these studies indicate that reliable scores are unlikely to 
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be obtained using the typical WE-CBM practice of administering a single sample per student per 

screening occasion (Keller-Margulis et al., 2016; Graham et al., 2016; Kim et al., 2017), with 

two to seven samples recommended in these studies. The wide range of recommended samples 

across these studies is in part due to large between-study differences in target student population, 

writing sample administration time (7–20 min), prompt genre, and scoring metrics that also 

affect reliability. 

Hand-Calculated vs. Automated WE-CBM Scoring 

Selecting a specific WE-CBM scoring metric and scoring approach has implications for 

reliability and validity. Traditionally, WE-CBM writing samples are hand-scored for one or more 

linguistic metrics, such as counts of total words written (TWW) and words spelled correctly 

(WSC), the number of sequences of adjacent words spelled correctly and acceptable within the 

sentence context (correct word sequences, CWS), and the number of correct minus incorrect 

word sequences (CIWS). In a recent meta-analysis, findings indicated that complex metrics have 

greater validity than simple metrics (Romig et al., 2017). In particular, CWS and CIWS were 

better predictors of student performance on criterion writing tests (r = .51 and .60, respectively) 

than TWW (r = .37) and WSC (r = .44). Although they demonstrate greater validity, complex 

metrics require more time and effort to score than simple metrics, negatively affecting both inter-

scorer reliability and scoring feasibility (Amato & Watkins, 2011). 

In an effort to improve feasibility, automated approaches have been developed to score 

screening samples in recent studies with promising results (e.g., Mercer et al., 2019). Contrary to 

hand-scored approaches, automated approaches employ computer programs to calculate many 

linguistic indicators for each writing sample and combine these indicators into one or more 

composite scores of writing quality. Automated scoring considers a broad range of text 
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characteristics, with evidence indicating automated scores adequately represent writing quality 

on the scored samples.  

In a recent study, the writeAlizer R package (Mercer, 2020), a free program that 

generates overall writing quality scores, was used to score three, 3-min WE-CBM screening 

samples and its scores were compared to four hand-scored WE-CBM metrics in relation to scores 

on a standardized writing test in fourth grade (Keller-Margulis et al., 2021). Findings revealed 

that the average of writeAlizer scores across three screening samples offers validity estimates (r 

= .54 to .55) comparable to complex hand-scored metrics (r = .56 to .59), outperforming simpler 

hand-scored metrics (r = .32 to .36) while also improving scoring feasibility. Other studies have 

compared alternative automated approaches (e.g., Project Essay Grade; Page, 2003) to hand-

scored WE-CBM metrics with similar results (Wilson et al., 2016). However, empirical 

investigations of automated approaches for screening elementary students have only recently 

emerged and more evidence is needed to support their technical adequacy and use in applied 

settings. 

Predictive Validity and Diagnostic Accuracy of WE-CBM Scores 

When using WE-CBM scores for screening decisions, educators infer that WE-CBM 

scores adequately serve as general indicators of writing proficiency. Two types of studies can 

provide evidence to support this inference. Predictive validity studies allow for the estimation of 

students’ expected scores on a criterion measure, whereas diagnostic accuracy studies are used to 

predict the degree to which screeners can discriminate between students who reach standards for 

writing proficiency (Furey et al., 2016).  

The development of writing screening measures with good predictive validity and 

diagnostic accuracy is beneficial for educational practices and applied research. Measures with 
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good short-term predictive validity and accuracy can be used for formative assessment, 

informing educators about expected student performance on more comprehensive writing 

assessments and helping teachers identify struggling writers. Relatedly, writing screening 

measures with good long-term predictive validity and accuracy can be useful in longitudinal 

studies investigating cognitive and academic skill development, for example. The long-term 

predictive validity and diagnostic accuracy of WE-CBM are largely unknown because only one 

study has investigated them across timeframes longer than one academic year (Espin et al., 

1999). 

Predictive and Diagnostic Bias in WE-CBM Screening 

Although the predictive validity and diagnostic accuracy of WE-CBM scores has been 

evaluated, the possibility of predictive and diagnostic bias for underrepresented student groups 

has not been explored (Evans-Hampton et al., 2002). Predictive and diagnostic bias are defined 

as systematic errors in the prediction of a criterion measure as a function of group membership 

that gives an unfair advantage to some groups of students over other groups (American 

Educational Research Association et al., 2014). Predictive and diagnostic bias that results in 

disproportionality in either direction (i.e., under-identification or over-identification) would 

prevent students from receiving appropriate academic supports and possibly contribute to racial 

disparities in educational outcomes (Hosp et al., 2011; Skiba et al., 2008). Conversely, ensuring 

screening tools have comparable accuracy across student groups has the potential to reduce racial 

inequalities and enable students from all backgrounds to receive appropriate academic supports 

(Betts et al., 2008; Hanushek et al., 2002) 

Predictive and diagnostic bias of WE-CBM scores can be evaluated through regression 

models, in which group membership and scoring metrics are entered as predictors of the criterion 
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measure (Warne et al., 2014). If the effect of group membership is statistically significant, then 

there is evidence for intercept bias, indicating students with the same score on a WE-CBM 

metric will be expected to perform systematically better or worse on the outcome measure as a 

function of their group membership. When the interaction between group and the WE-CBM 

metric is significant, there is evidence for slope bias, indicating the WE-CBM scores will more 

accurately predict performance on the criterion measure for one group over others. Both 

situations affect the degree to which WE-CBM scores accurately predict student performance, 

leading to overpredictions or underpredictions of student writing proficiency. Additionally, 

examination of intercept and slope bias can be used to test whether automated WE-CBM scoring 

approaches might have different accuracy in predicting writing proficiency for students from 

different backgrounds. The procedures to develop automated scoring models involve the use of 

machine learning algorithms that are trained to replicate human ratings of writing quality. 

Therefore, if human ratings show evidence of bias, automated scores might also be biased and 

amplify pre-existing biases (Amorim et al., 2018).  

Ultimately, very little attention has been devoted to exploring possible unintended 

consequences of using WE-CBM for screening, namely whether validity differs across groups of 

students that would make screening decisions biased or unfair. Although predictive and 

diagnostic bias are distinct from fairness and equity, these components influence each other in 

that biased WE-CBM scores might lead to unfair uses and non-equitable screening decisions. 

While predictive and diagnostic bias are determined using statistical procedures, the intended or 

unintended consequences of WE-CBM score use are evaluated in light of societal values and 

social justice (Kline, 2013). In other words, even if WE-CBM is statistically unbiased, it could 

be deemed unfair based on the consequences of its use in applied settings (Camilli, 2006). In the 
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context of writing screening, examination of the consequences might involve studies of the 

effects of screening procedures on students identified as needing supplemental or intensive 

interventions; the allocation of resources within classrooms, schools, and districts; and the design 

of culturally-responsive systems of academic supports (Xu & Drame, 2008). These actions are 

then considered in connection with any consequences (e.g., placement in special education 

programs) that might be harmful to groups of students with certain characteristics.  

Purpose of the Study 

 The present study addresses the optimal number of screening samples to administer for 

hand-scored versus automated text evaluation WE-CBM scoring approaches while examining the 

differential long-term predictive validity and diagnostic accuracy of WE-CBM across racial and 

ethnic groups. Specifically, we investigate the extent to which WE-CBM scores collected on five 

occasions during one academic year for second- through fifth-grade students predict scores on a 

standardized writing achievement test up to five years later, and the extent to which validity and 

accuracy differ by the number of screening samples and scoring approach used. We address the 

following primary research questions:  

1. How does the number of screening samples administered affect the long-term predictive 

validity and diagnostic accuracy of WE-CBM? 

2. Are there differences in long-term predictive validity and diagnostic accuracy across WE-

CBM scoring approaches, specifically simple hand-scoring, complex hand-scoring, and 

automated scoring? 

3. Do WE-CBM scores exhibit predictive or diagnostic bias for students from different 

racial and ethnic groups? 

Method 
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Participants 

The sample included 609 second- to fifth-grade students (299 boys, 49.09% of the 

sample) from two suburban elementary schools located in the Southwestern United States. 

Students were similarly distributed across grades. The majority of students were Hispanic 

(55.66%), followed by African American (33.33%), White (5.91%), and Asian (3.44%). 

Approximately 8% received special education services. Additional sample demographics are 

reported in Table 1. Note that the predictive bias analyses were based on African American and 

Hispanic students only because sample sizes for other groups were too small across every grade 

(n < 10). 

[Insert Table 1 around here] 

Measures 

Hand-scored WE-CBM 

 Writing samples were hand-scored for four WE-CBM metrics capturing simple or more 

complex aspects of written expression. TWW and WSC are simple metrics because they do not 

consider the syntactic and semantic context of the sentence. TWW is the total number of words 

written with “word” defined as any letter or group of letters delimited by white spaces. WSC is 

the count of words correctly spelled without considering context. By contrast, CWS and CIWS 

are more complex metrics because scoring considers the within-sentence and between-sentence 

context. CWS is the number of correct sequences of two adjacent words separated by a space or 

punctuation; this metric considers whether words are spelled correctly and placed within proper 

syntactic and semantic contexts. Finally, CIWS is the difference between CWS and the number 

of incorrect sequences.  
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Interrater reliability was calculated on a subset of randomly selected writing samples 

(41.66% of the total) balanced across grades and time points. Concordance correlation 

coefficients indicated interrater reliability was .99, 95% CI [.98, .99] for TWW; .98, 95% CI 

[.98, .99] for WSC; .96, 95% CI [.95, .96] for CWS; and .87, 95% CI [.85, .88] for CIWS. 

Agreement was within the almost perfect range (ρ =.81 to 1) for all metrics based on qualitative 

descriptors that were developed for similar measures of observer agreement (Landis & Koch, 

1977). 

Automated WE-CBM 

We used the writeAlizer R package (Mercer, 2020) to generate writing quality scores 

from the output of two different text complexity analysis tools, Coh-Metrix (McNamara et al., 

2014) and ReaderBench (Dascălu, 2014). Coh-Metrix and ReaderBench, both of which are freely 

accessible online, use natural language processing techniques to generate many indices reflecting 

lexical, syntactic, semantic, and discourse features of written language originally designed to 

predict text readability. The writeAlizer scoring model is an ensemble of seven machine learning 

algorithms that were trained on 7-minute narrative writing samples from second- to fifth-grade 

students (see Mercer et al., 2019). The weightings of Coh-Metrix and ReaderBench indices in 

each algorithm and in the overall models are available on the writeAlizer GitHub site. Prior 

research indicates Coh-Metrix indices, when combined in latent factors representing word-level, 

sentence-level, and discourse-level writing skills (Wilson et al., 2017), can predict performance 

on a standardized writing achievement test for sixth- and eighth-grade students. Similarly, our 

prior work has shown writeAlizer-generated writing quality scores based on Coh-Metrix and 

Readerbench indices can predict performance on a standardized writing assessment for fourth-

grade students (Keller-Margulis et al., 2021). 
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STAAR Writing Test 

 The State of Texas Assessments of Academic Readiness (STAAR) Writing Test is a 

criterion-referenced test used for the evaluation of writing proficiency at the end of the academic 

year for students in fourth and seventh grade. The test was administered annually from the 2011-

2012 to the 2020-2021 school year, with the exception of 2019-2020 due to the Covid-19 

pandemic. The Texas Education Agency (TEA) which is the state agency that oversees primary 

and secondary public education, makes available all administered test forms on its website after 

administration. Initially, the test was administered in two 4-hour sessions, however, beginning in 

2015-2016 it was shortened to one, 4-hour session with a reduced number of items. Students 

write one or two essays and make corrections and revisions to a number of stories by answering 

multiple-choice questions. The essay was scored on a scale from 1 to 4 by two independent, 

trained raters who evaluated the essay on performance criteria for three dimensions (i.e., text 

organization quality, idea development, and use of linguistic conventions) on a holistic rubric. 

There were 24 multiple-choice questions, with each correct answer giving one point. Classroom 

teachers administer the test following a standardized script, and students can complete tasks in 

the order they prefer.  

TEA is responsible for the development and validation of the STAAR writing test and 

sets performance standards through a nine-step process involving a series of linking studies. The 

process is designed to provide empirical support for the construct validity of STAAR scores by 

estimating the relationship of student performance with existing writing measures; for example, 

there was a strong correlation between student writing performance on the STAAR test in fourth 

and seventh grade (r = .62) as well as with the scores obtained on the ReadiStep (r = .63) and 
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EXPLORE (r = .66), two tests of academic achievement that are linked to the Scholastic 

Aptitude Test (SAT) and the American College Testing (ACT) (Texas Education Agency, 2013). 

Study Design and Procedures  

Teachers collected WE-CBM screening samples in their classrooms. Students completed 

one, 3-min narrative WE-CBM task in response to age-appropriate story starters at five time-

points equally spread across the 2011-2012 school year. Story starters were different across 

grades and time points. At the end of each session, teachers completed a checklist to ensure 

administration fidelity. All administrations returned a perfect implementation. Subsequent to 

initial WE-CBM data collection in 2011-2012, students also completed the STAAR writing test 

in fourth and seventh grade. Specifically, students in fourth grade during the 2011-2012 school 

year completed the STAAR test within the same year and three years later, third-grade students 

after one and four years, and so on. Fifth-grade students were the only group to complete the 

STAAR test in seventh grade only. 

A university Institutional Review Board (IRB) approved use of the deidentified WE-

CBM data for research purposes. Trained graduate students hand-scored writing samples for four 

WE-CBM metrics and transcribed the text into an electronic format. A postdoctoral fellow 

proficient in R processed all the transcribed text files through Coh-Metrix and ReaderBench, 

with their output files processed by the writeAlizer R package to generate writing quality scores. 

STAAR writing data were obtained with approval of and in collaboration with the 

Education Research Center (ERC), a state-authorized data warehouse that holds individual-level 

data of students enrolled in primary and secondary schools in Texas and can match data with 

those collected by TEA and other state agencies through secured systems while maintaining 

confidentiality. Our team worked with the ERC and TEA to link students who completed the five 
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WE-CBM tasks in 2012 with STAAR writing test results in fourth and seventh grade 

administered between 2011-2012 and 2016-2017.  

Data Analysis 

 Analyses were conducted in RStudio (RStudio Team, 2020). Of the 722 students who 

originally completed WE-CBM tasks, 113 could not be linked to STAAR data due to unavailable 

linking identification numbers in the TEA archive and were therefore excluded. For the 609 

matched students, some data were missing due to student absences on one or more of the five 

days of WE-CBM data collection. WE-CBM tasks were not administered in mid-spring to 

students enrolled in one of the two campuses, hence the rate of missing data for that time point 

was substantially higher (45.39% to 52.94%) than other administrations (2.80% to 25.29%). 

Missingness of STAAR writing scores ranged from 2.10% to 15.29% with no clear pattern of 

attrition over time. Assuming these data were missing at random, we generated 1000 multiply 

imputed datasets in Mplus (Muthén & Muthén, 1998-2017) and imported them in RStudio via 

the miceadds package (Robitzsch & Grund, 2021). This procedure, known as multiple 

imputation by chained equations, makes use of all the variables in the data set to predict missing 

values and returns a complete dataset. Instead of conducting the analyses on one data set only, a 

large number of imputed data sets is typically generated each of which contain slightly different 

imputed values that ultimately allows to reduce the bias associated with the missing data. 

Analyses were conducted on each imputed dataset separately then pooled together using Rubin’s 

rules via the mice (van Buuren & Groothuis-Oudshoorn, 2011) and psfmi (Heymans & Eekhout, 

2021) packages. Rubin’s rule combines the results accounting both for the variance within 

imputed each data set (i.e., the parameter of uncertainty in inferential statistical models) and 
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across data sets (i.e., the variation across the same parameter, such as correlation coefficients, 

estimated for each data set). 

 To assess the number of screening samples needed to produce optimal predictive validity 

and diagnostic accuracy (Research Question #1), we conducted analyses on three sets of WE-

CBM scores in relation to STAAR writing test performance: a) spring WE-CBM scores, b) 

averaged scores across fall, winter, and spring time points (typical administration times for 

universal screening), and c) averaged scores across five time points (adding mid-Fall and mid-

Spring). Descriptive statistics of WE-CBM and STAAR writing scores by group are located in 

the online supplemental materials (see Table S1 and S2). Predictive validity was evaluated using 

Pearson’s r, and for diagnostic accuracy, we used WE-CBM scores to predict a binary variable 

indicating proficiency on the STAAR writing test. Although the proficiency threshold varied 

across years, students who did not reach the standard generally performed below the 30th 

percentile. The Area Under the Curve (AUC) served as an overall diagnostic accuracy statistic 

and was calculated via the pROC package (Robin et al., 2011). We used a modified version of 

the Rubin’s rule to pool the AUC coefficients across the 1000 imputed datasets (Licht, 2010).  

Once the optimal number of screening samples was determined based on the strongest 

coefficients with the state test, validity and diagnostic accuracy were evaluated against absolute 

criteria and relative to one another (Research Question #2). In terms of absolute criteria, we 

considered acceptable validity for Pearson’s r above .50, a commonly used threshold in the 

context of WE-CBM (McMaster & Campbell, 2008); we also considered AUC values above .95 

as indicators of excellent accuracy, values between .85– .95 as very good, values between .75– 

.85 as reasonable, and below .75 as inadequate (Smolkowski et al., 2016). In terms of relative 

comparisons, we conducted a series of multiple contrasts to estimate whether there were 
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statistically significant differences between pairs of scoring metrics. For one group of students, 

we also were able to compare validity and accuracy coefficients of each metric with the ability of 

scores on the fourth grade STAAR test to predict students’ STAAR scores three years later in 

seventh grade. STAAR coefficients may offer a reasonable upper bound for interpreting WE-

CBM coefficients given that prior performance on the same test is likely to be the best predictor 

of subsequent performance. We used the cocor R package (Diedenhofen & Musch, 2015) to test 

differences in predictive validity and the pROC R package for differences in diagnostic accuracy. 

Finally, to conduct the predictive and diagnostic bias analyses (Research Question #3), 

we first estimated multiple logistic regression models to test the differences in the regression 

intercepts and slopes between Hispanic and African American students via the stats package. We 

entered the dummy-coded term of group membership and its interaction with WE-CBM metrics 

in the model to predict the scores on the STAAR writing test. Then, we calculated separate AUC 

values for Hispanic and African American students and evaluated whether differences between 

the two groups were significant based on logistic regressions. 

Results 

Research Question #1: Number of Samples for Optimal Validity and Accuracy 

 Validity coefficients (r) and AUC values of hand-calculated and automated scores for 

prediction of STAAR writing scores along with their 95% confidence intervals are reported in 

Table 2 and 3. For each metric, coefficients were calculated using scores from one writing 

sample (i.e., Spring 2012) and the average of three and five samples.  

[Insert Table 2 around here] 

[Insert Table 3 around here] 
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Overall, three key findings emerged. First, validity and AUC coefficients increased as a 

function of the number of writing samples. For instance, writeAlizer:Coh-Metrix (CM) had r 

coefficients of .47 (95% CI [.33, .60]) and AUC of .80 (95% CI [.69, .87]) for one sample, r of 

.61 (95% CI [.49, .70]) and AUC of .82 (95% CI [.74, .89]) for the average of three samples, and 

r of .64 (95% CI [.53, .73]) and AUC of .85 (95% CI [.76, .90]) for five samples in relation to 

STAAR test within the same year. This pattern was consistent across metrics and years between 

the administration of WE-CBM and the STAAR writing test. 

Second, validity and accuracy coefficients increased from one to three samples across 

metrics and years. For instance, the within-year coefficients for CIWS increased from r of .46 

(95% CI [.32, .58]) to .60 (95% CI [.48, .70]) and AUC increased from .80 (95% CI [.71, .86]) to 

.86 (95% CI [.79, .92]) when based on one vs. three samples. Validity and accuracy coefficients 

were equal or showed modest gains from three to five writing samples. For instance, CIWS did 

not show improvements from three to five samples within the same year, but increased from .49 

(95% CI [.35, .60]) to .57 (95% CI [.45, .67]) in relation to the writing test completed two years 

later. Given these results, we used the average across five time points in subsequent analyses to 

maximize the validity of scores for prediction of STAAR writing test performance.  

Third, the magnitude of the coefficients slowly attenuated over time, however, this might 

not be a simple function of time given the differences were small, and change did not follow a 

clear linear trend. For example, validity coefficients for CWS were .57 (95% CI [.44, .68]) 

within the same year and .49 (95% CI [.35, .60]) five years later with the latter being negligibly 

greater than the coefficient for the previous two years (r = .47, 95% CI [.33, .59] and r = .41, 

95% CI [.26, .55]). 

Research Question #2: Hand-Calculated vs Automated Scores 
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Predictive Validity 

Table 2 displays the validity coefficients for hand-calculated and automated scoring 

approaches1. As an expected upper bound when interpreting the magnitude of the WE-CBM 

validity coefficients, student performance on the STAAR test in fourth grade was highly 

correlated (r = .67, 95% CI [.57, .75]) with STAAR test scores three years later. Overall, two key 

findings can be observed.  

First, complex hand-calculated and automated scores had r ≥ .50. CWS and 

writeAlizer:RB had coefficients above the cut-off up to two years with writeAlizer:RB exceeding 

the cut-off also at five years. CIWS and writeAlizer:CM had coefficients greater than .50 across 

every time point except at four years. 

Second, more complex hand-scored WE-CBM metrics showed higher validity 

coefficients than simple WE-CBM scores. No differences were observed among the validity 

coefficients of CWS, CIWS, writeAlizer:CM, and writeAlizer:RB for prediction of the STAAR 

writing test over time (see Table S3). Among the simple hand-scored WE-CBM metrics, WSC 

had substantially higher validity coefficients than TWW. 

Diagnostic Accuracy 

Table 3 illustrates the diagnostic accuracy of hand-calculated and automated scores over 

time. For reference when interpreting the diagnostic accuracy of WE-CBM scores, the diagnostic 

accuracy of STAAR in fourth grade for identifying whether students would pass the STAAR test 

three years later was reasonable to very good (AUC = .85, 95% CI [.77, .90]). Overall, the 

 
1 Separate multilevel regression models were estimated with each metric as the outcome for the first two time points 

to examine the effects of a nested structure (i.e., level-2 of classroom) on the findings of the study. The Intra-Class 

Coefficients (ICC) were substantial for the random intercepts across models (ICC > .10) but negligible for the 

random slopes (ICC < .10). In other words, while high variability was observed across the intercepts of classrooms, 

the same variability was not observed for the slopes. Thus, the results presented in this section and the inferences 

drawn in the Discussion would not change after the inclusion of the effects of classrooms. 
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patterns for diagnostic accuracy were similar to the validity coefficients. First, complex hand-

calculated and automated scores within the same year showed AUC values above .75, a threshold 

for identifying reasonable academic screeners. Additionally, CIWS and writeAlizer:CM had 

AUC values greater than .85 indicating very good diagnostic accuracy. Generally, complex 

hand-calculated and automated scores displayed reasonable accuracy for several years after 

administration of WE-CBM. For example, CIWS had AUC values between .75 and .85 up to 

three years later. By contrast, simple metrics (i.e., TWW and WSC) had AUC values below .75, 

indicating poor diagnostic accuracy.  

Second, simple WE-CBM metrics showed significantly lower AUC values than complex 

hand-calculated and automated metrics. Although the size of the differences varied, the pattern 

was consistent over time (see Table S4). For instance, writeAlizer:CM had an AUC value of .85 

(95% CI [.76, .90]) within the year and .82 (95% CI [.73, .89]) one year later, whereas TWW had 

an AUC value of .71 (95% CI [.60, .80]) and .76 (95% CI [.65, .84]), respectively. There were no 

differences among complex hand-calculated metrics and automated scores. 

Research Question #3: Predictive and Diagnostic Bias 

The results displayed in Table 4 show no indication of intercept or slope bias between 

Hispanic and African American students. Table 5 also indicates that AUC values were not 

statistically different between the groups. 

[Insert Table 4 around here] 

[Insert Table 5 around here] 

Discussion 

This study examined several key issues associated with WE-CBM as a formative 

assessment of writing performance and expands the literature in three directions. First, WE-CBM 
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scores calculated from one writing sample were associated with validity coefficients consistently 

below .50 and accuracy below .80. Validity coefficients of TWW, WSC, and CWS within the 

same year align with results of a recent meta-analysis on hand-calculated WE-CBM metrics 

(Romig et al., 2017). By contrast, we found lower validity coefficients for CIWS (r = .46 vs r = 

.65 in Romig et al., 2017). Averaging scores across three and five writing samples improved 

coefficients, especially from one to three samples, with marginal improvements from three to 

five samples. Predictive validity coefficients indicated that WE-CBM scores are stable predictors 

of students’ expected writing performance over time. However, diagnostic accuracy results 

suggest that the use of WE-CBM scores might be limited within the same year for screening 

decisions. CIWS and writeAlizer in combination with Coh-Metrix showed coefficients with very 

good accuracy, while CWS and writeAlizer in combination with ReaderBench coefficients with 

reasonable accuracy. Given that no measure showed very good accuracy beyond the same year, 

we do not recommend the use of WE-CBM scores to make predictions for the student 

performance on the STAAR test. 

Second, we found complex hand-scored and automated WE-CBM scores showed 

improved predictive validity and diagnostic accuracy compared to simple hand-scored WE-CBM 

metrics. Using the average across five samples, complex hand-calculated and automated scores 

showed reasonable to very good diagnostic accuracy. Conversely, regardless of the number of 

samples, simple hand-calculated metrics displayed insufficient validity and poor diagnostic 

accuracy. This pattern was stronger for prediction of writing outcomes within the same year.  

Third, neither predictive nor diagnostic bias were observed for WE-CBM scores between 

African American and Hispanic students. Given that the absence of test bias is a necessary 

condition for fair and equitable screening procedures, the use of hand-calculated and automated 
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WE-CBM scores might not lead to differential predictions across these two racial and ethnic 

groups or such differences might be of a small magnitude. However, lack of statistical evidence 

for predictive or diagnostic bias does not guarantee fair interpretation or use of WE-CBM scores 

in screening (Kline, 2013). Predictive bias is narrowly defined as a psychometric property of test 

scores, whereas fairness and equity refer to use of scores in practice to make decisions with 

consequences for students in terms of opportunities and support (Kunnan, 2000). For more than 

50 years, researchers have consistently shown that students from underrepresented racial or 

ethnic groups in the U.S. obtain lower test scores (Persky et al., 2003) and are disproportionately 

represented in special education programs (Skiba et al., 2016). If the use of a statistically 

unbiased screener still results in differential access to academic supports for students as a 

function of group membership (e.g., racial or ethnic group), then the use of WE-CBM for 

screening might still be unfair. When WE-CBM scores are used for decision-making, educators 

draw additional inferences that might affect student support and learning. These inferences 

linking the use of test scores (e.g., to determine unsatisfactory performance) to educational 

decisions will need further investigation to ensure the implementation of fair practices for 

students from all racial and ethnic groups (Kane, 2013). 

Limitations and Future Directions 

Our findings should be interpreted in light of three limitations. First, different forms of 

the STAAR writing test were used over the five years considered. However, several factors 

minimize possible effects of changing test forms on our findings: (a) each form had the same 

three-subtest structure (i.e., written composition, editing, and revising), (b) each form had 

evidence of similar external validity through strong correlations with STAAR reading scores (r = 
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.73 to .78), and (c) each form completed in fourth grade showed strong temporal stability with 

the form administered to students in seventh grade (r = .68 to .72). 

Second, predictive and diagnostic bias results are limited by the use of race and ethnicity 

as grouping variables. Although this information was provided by the state education agency, 

hence deemed reliable, it is important to stress that race and ethnicity are not discrete categories 

but rather complex social constructs varying on a spectrum and influenced by social and cultural 

identities (Han et al., 2019). For instance, students from the same racial group might develop 

different identities as a function of how multiple variables (e.g., role of religion in the family or 

cultural diversity in friendship) interact with their cultural heritage. Future studies should explore 

race and ethnicity as dimensional constructs instead of discrete categories and consider the 

intersectionality of race and ethnicity with other relevant demographic characteristics (e.g., 

gender, socioeconomic status, and language proficiency). 

Third, the investigation of predictive and diagnostic bias did not include White students 

because their group size was not sufficient at any time point. Given the absence of the majority 

group in the analyses, the investigation of test bias was not optimal to determine whether WE-

CBM scores over- or under-estimated the performance of students from historically marginalized 

groups. Future studies should sample students across a larger geographic area to better enable 

tests of predictive and diagnostic bias across multiple groups and improve generalization of the 

results. The lack of evidence for test bias between African American and Hispanic students still 

leaves open the possibility that WE-CBM scores might be biased against both when compared 

with other racial and ethnic groups (Keegan et al., 2013). 
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Table 1 

Sample Demographics 

 Second grade Third grade Fourth grade Fifth grade 

Sample size 170 144 152 143 

Sex boys, n (%) 72 (42) 71 (49) 79 (52) 77 (54) 

Race/Ethnicity, n (%)     

African American 60 (35) 43 (30) 54 (36) 46 (32) 

Asian 7 (4) 6 (4) 7 (5) * (≤ 2) 

Hispanic 89 (52) 86 (60) 79 (52) 85 (59) 

White 12 (7) 9 (6) 8 (5) 7 (5) 

Other or Biracial * (≤ 2) * (≤ 2) * (≤ 2) * (≤ 2) 

Special Education, n (%) 9 (5) 10 (7) 12 (8) 17 (12) 

English Learners, n (%) 27 (16) 43 (30) 22 (14) * (≤ 2) 

Eligible for free or reduced-

price meals, n (%) 
119 (70) 103 (72) 100 (73) 98 (68) 

Gifted, n (%) 13 (8) 23 (16) 15 (10) 14 (10) 

  



Table 2 

Predictive Validity for Written Expression CBM Scores with the Standardized Writing Scores 

Measure n Same year One year     Two years1 Two years2 Three years Four years Five years 

  r LL UL r LL UL r LL UL r LL UL r LL UL r LL UL r LL UL 

TWW 1 .37 .21 .51 .29 .13 .44 .27 .11 .42 .11ns -.06 .27 .25 .09 .40 .23 .06 .38 .28 .11 .44 

 3 .37 .22 .50 .39 .23 .53 .39 .24 .51 .22 .06 .37 .22 .06 .37 .31 .14 .46 .37 .22 .50 

 5 .38 .23 .51 .37 .21 .52 .43 .28 .55 .30 .14 .45 .27 .12 .42 .31 .14 .47 .37 .22 .50 

WSC 1 .40 .24 .53 .35 .19 .49 .30 .14 .45 .16 -.01 .32 .28 .12 .43 .28 .11 .43 .32 .15 .47 

 3 .41 .26 .54 .44 .29 .58 .44 .29 .56 .30 .15 .45 .27 .11 .41 .35 .19 .50 .43 .29 .55 

 5 .41 .26 .54 .44 .28 .57 .48 .35 .60 .39 .24 .52 .31 .15 .45 .35 .19 .50 .42 .28 .55 

CWS 1 .48 .34 .60 .39 .24 .53 .38 .22 .51 .29 .13 .44 .41 .27 .54 .35 .19 .49 .41 .26 .55 

 3 .58 .46 .68 .51 .36 .63 .49 .36 .61 .42 .27 .55 .45 .31 .57 .41 .26 .55 .49 .35 .60 

 5 .57 .44 .68 .50 .36 .62 .55 .43 .66 .51 .37 .62 .47 .33 .59 .41 .26 .55 .49 .35 .60 

CIWS 1 .46 .32 .58 .38 .23 .52 .40 .24 .53 .39 .23 .52 .47 .33 .59 .37 .22 .51 .44 .29 .57 

 3 .60 .48 .70 .52 .38 .63 .49 .35 .60 .48 .35 .60 .51 .38 .62 .43 .28 .56 .49 .35 .60 

 5 .60 .48 .70 .53 .39 .64 .57 .45 .67 .54 .41 .65 .53 .39 .64 .44 .30 .57 .51 .37 .62 

wA:CM 1 .47 .33 .60 .44 .29 .57 .39 .23 .52 .31 .15 .46 .42 .27 .55 .40 .25 .53 .43 .28 .57 

 3 .61 .49 .70 .55 .41 .66 .52 .39 .63 .47 .32 .59 .46 .32 .58 .44 .29 .57 .51 .37 .62 

 5 .64 .53 .73 .53 .38 .65 .58 .45 .68 .53 .39 .64 .51 .38 .63 .47 .32 .60 .54 .41 .64 

wA:RB 1 .47 .33 .60 .48 .34 .60 .34 .19 .48 .30 .14 .44 .35 .20 .49 .42 .27 .55 .41 .26 .55 

 3 .56 .44 .67 .53 .39 .65 .50 .37 .61 .45 .31 .57 .41 .27 .54 .45 .29 .58 .50 .37 .61 

 5 .56 .44 .67 .51 .36 .64 .56 .44 .67 .56 .43 .66 .46 .32 .58 .44 .28 .58 .52 .39 .63 

Note. n = number of samples; LL = Lower Limit; UL = Upper Limit; TWW = Total Words Written; WSC = Words Spelled Correctly; 

CWS = Correct Word Sequences; CIWS = Correct Minus Incorrect Word Sequences; writeAlizer:CM = writeAlizer based on Coh-

Metrix scores; writeAlizer:RB = writeAlizer based on ReaderBench scores.  

1Second-grade students completing the STAAR test in fourth grade. 2Fifth-grade students completing the STAAR test in seventh 



grade.  

All correlations are statistically significant at p < .05 except where indicated by ns.   



Table 3 

Intercept and Slope Bias for Predicting Standardized Writing Test Scores across Hispanic and African American Students 

  
Same year One year Two years1 Two years2 Three years Four years Five years 

  
H AA  H AA  H AA  H AA  H AA  H AA  H AA  

Metrics term 
b b p b b p b b p b b p b b p b b p b b p 

TWW Intercept 21.91 16.59 .15 22.89 21.19 .63 20.11 19.42 .81 28.74 31.41 .70 33.84 35.73 .79 27.19 25.58 .69 22.99 24.23 .68 

 Slope 0.14 0.20 .55 0.16 0.16 .98 0.25 0.26 .92 0.31 0.28 .83 0.25 0.16 .61 0.14 0.16 .89 0.25 0.18 .57 

WSC Intercept 21.74 16.16 .11 22.27 19.88 .45 20.32 18.84 .55 25.74 28.12 .71 33.35 33.86 .94 26.94 24.67 .53 23.02 23.44 .87 

 Slope 0.16 0.23 .47 0.19 0.22 .77 0.28 0.34 .59 0.40 0.37 .87 0.28 0.22 .76 0.16 0.21 .69 0.28 0.25 .81 

CWS Intercept 19.80 15.20 .08 22.22 19.88 .34 20.78 18.39 .24 25.33 25.87 .91 30.09 30.26 .97 26.67 24.82 .52 23.30 22.91 .86 

 Slope 0.25 0.31 .50 0.22 0.26 .68 0.32 0.49 .14 0.45 0.48 .83 0.43 0.39 .79 0.20 0.24 .69 0.33 0.38 .70 

CIWS Intercept 22.88 19.95 .04 24.54 22.65 .18 24.32 23.42 .43 32.96 32.14 .78 35.46 35.42 .99 28.76 27.49 .45 26.92 26.69 .85 

 Slope 0.25 0.27 .79 0.22 0.23 .88 0.30 0.47 .10 0.35 0.43 .40 0.43 0.39 .79 0.19 0.21 .88 0.32 0.39 .52 

wA:CM Intercept 32.65 30.96 .30 35.20 36.27 .73 36.81 41.25 .26 49.31 53.53 .15 51.38 51.42 .99 38.85 41.46 .46 40.12 41.55 .72 

 Slope 0.02 0.03 .45 0.02 0.03 .37 0.02 0.03 .24 0.03 0.05 .32 0.03 0.04 .73 0.02 0.03 .32 0.02 0.02 .75 

wA:RB Intercept 33.07 31.64 .51 34.74 37.34 .43 38.41 44.11 .22 51.44 53.88 .41 52.79 51.97 .84 38.09 41.70 .34 42.07 43.35 .79 

 Slope 0.02 0.02 .47 0.02 0.02 .21 0.02 0.03 .23 0.04 0.04 .67 0.03 0.03 .95 0.01 0.02 .24 0.02 0.02 .87 

Note. H = Hispanic students; AA = African American students, LL = Lower Limit; UL = Upper Limit; TWW = Total Words Written; 

WSC = Words Spelled Correctly; CWS = Correct Word Sequences; CIWS = Correct Minus Incorrect Word Sequences; 

writeAlizer:CM = writeAlizer based on Coh-Metrix scores; writeAlizer:RB = writeAlizer based on ReaderBench scores.   



1Second-grade students completing the STAAR test in fourth grade. 2Fifth-grade students completing the STAAR test in seventh 

grade. 

Reported p-values are for the interaction terms of the regression models.   



Table 4 

Diagnostic Accuracy for Predicting Reaching Proficiency Standards on the Standardized Writing Test 

  Same year One year     Two years1 Two years2 Three years Four years Five years 

Metrics n AUC LL UL AUC LL UL AUC LL UL AUC LL UL AUC LL UL AUC LL UL AUC LL UL 

TWW 1 .74 .63 .83 .68 .55 .78 .66 .55 .76 .50 .39 .61 .69 .58 .78 .72 .58 .82 .60 .47 .71 

 3 .71 .60 .80 .78 .67 .85 .71 .60 .79 .56 .44 .67 .64 .53 .74 .73 .61 .83 .65 .54 .74 

 5 .71 .60 .80 .76 .65 .84 .73 .63 .81 .59 .47 .69 .65 .55 .75 .73 .61 .82 .65 .54 .75 

WSC 1 .76 .65 .85 .70 .57 .81 .67 .55 .76 .53 .42 .65 .71 .60 .80 .73 .59 .84 .61 .48 .73 

 3 .74 .63 .82 .79 .69 .87 .72 .62 .81 .61 .50 .71 .67 .56 .76 .73 .61 .83 .67 .56 .76 

 5 .73 .63 .82 .78 .68 .86 .75 .65 .83 .65 .54 .75 .68 .57 .77 .74 .61 .83 .68 .57 .77 

CWS 1 .80 .71 .87 .70 .56 .81 .67 .56 .76 .62 .51 .72 .78 .68 .86 .73 .59 .84 .65 .52 .75 

 3 .83 .74 .89 .79 .69 .87 .75 .65 .83 .68 .56 .78 .77 .66 .84 .75 .63 .84 .70 .59 .79 

 5 .83 .74 .89 .79 .69 .87 .79 .69 .86 .72 .61 .81 .76 .66 .84 .75 .63 .84 .71 .60 .80 

CIWS 1 .80 .71 .86 .66 .53 .77 .64 .53 .74 .66 .55 .76 .80 .69 .87 .70 .57 .81 .68 .55 .78 

 3 .86 .79 .92 .75 .64 .84 .73 .63 .81 .71 .59 .81 .80 .70 .87 .72 .60 .82 .71 .60 .80 

 5 .87 .79 .92 .77 .67 .85 .78 .69 .86 .75 .63 .83 .79 .69 .86 .74 .62 .83 .73 .62 .82 

wA:CM 1 .80 .69 .87 .73 .62 .82 .69 .58 .78 .64 .52 .74 .75 .65 .83 .69 .56 .80 .69 .57 .79 

 3 .82 .74 .89 .82 .73 .89 .76 .66 .83 .68 .56 .77 .76 .66 .84 .70 .58 .80 .71 .61 .80 

 5 .85 .76 .90 .82 .73 .89 .78 .69 .86 .71 .60 .80 .78 .68 .85 .74 .62 .83 .74 .63 .82 

wA:RB 1 .79 .68 .86 .78 .66 .86 .68 .58 .77 .63 .52 .73 .75 .64 .83 .76 .63 .86 .66 .53 .77 

 3 .81 .71 .87 .83 .74 .90 .76 .66 .84 .68 .56 .77 .76 .65 .84 .76 .64 .85 .70 .60 .79 

 5 .82 .73 .88 .83 .73 .89 .78 .69 .86 .73 .62 .81 .77 .67 .84 .76 .64 .85 .72 .61 .80 

Note. n = number of samples; AUC = Area Under the Curve, LL = Lower Limit; UL = Upper Limit; TWW = Total Words Written; 

WSC = Words Spelled Correctly; CWS = Correct Word Sequences; CIWS = Correct Minus Incorrect Word Sequences; 

writeAlizer:CM = writeAlizer based on Coh-Metrix scores; writeAlizer:RB = writeAlizer based on ReaderBench scores.  



1Second-grade students completing the STAAR test in fourth grade. 2Fifth-grade students completing the STAAR test in seventh 

grade. 

  



Table 5 

Tests of Diagnostic Bias across Hispanic and African American Students 

Note. AUC = Area Under the Curve; TWW = Total Words Written; WSC = Words Spelled Correctly; CWS = Correct Word 

Sequences; CIWS = Correct Minus Incorrect Word Sequences; writeAlizer:CM = writeAlizer based on Coh-Metrix scores; 

writeAlizer:RB = writeAlizer based on ReaderBench scores. 

1Second-grade students completing the STAAR test in fourth grade. 2Fifth-grade students completing the STAAR test in seventh 

grade. 

Reported p-values are for the interaction terms of the logistic regression models. 

 

 Same year One year Two years1 Two years2 Three years Four years Five years 

 H AA  H AA  H AA  H AA  H AA  H AA  H AA  

Metrics AUC AUC p AUC AUC p AUC AUC p AUC AUC p AUC AUC p AUC AUC p AUC AUC p 

TWW .71 .67 .72 .83 .62 .52 .80 .63 .46 .60 .60 .89 .69 .51 .17 .77 .66 .91 .73 .53 .66 

WSC .71 .71 .97 .84 .67 .65 .80 .68 .76 .68 .65 .85 .70 .56 .25 .76 .69 .95 .73 .54 .79 

CWS .78 .83 .52 .84 .71 .87 .79 .78 .43 .74 .77 .73 .76 .70 .51 .78 .72 .87 .73 .65 .66 

CIWS .77 .92 .10 .80 .74 .89 .72 .80 .13 .75 .83 .29 .77 .80 .83 .76 .72 .95 .69 .73 .43 

wA:CM .87 .81 .77 .89 .76 .87 .83 .74 .85 .74 .70 .86 .77 .75 .91 .78 .70 .84 .75 .71 .88 

wA:RB .81 .78 .99 .87 .77 .70 .81 .76 .73 .73 .74 .85 .77 .71 .52 .79 .74 .66 .75 .64 .80 
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