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The purpose of this presentation is to (a) introduce data-based individualization (DBI) as 

a service delivery framework to improve outcomes for students with or at risk of learning 

disabilities, (b) introduce curriculum-based measurement (CBM) as an assessment approach for 

generating data to inform DBI, and (c) present an overview of findings identifying challenges 

and potential solutions for CBM in written expression. 

Some academic interventions are generally more effective than others, as documented 

in the research literature; however, academic interventions that are highly effective on average 

are often not effective for specific students (Fuchs, McMaster, Fuchs, & Al Otaiba, 2013). This 

disconnect is particularly problematic given that special educators and related professionals are 

responsible for improving the academic skills of individual students. To address this concern, 

DBI is gaining recognition as an approach to special education service delivery (Fuchs et al., 

2013). In DBI, generally effective interventions, as determined by the research literature, are 

first implemented, with ongoing monitoring of student academic outcomes through CBM. 

When CBM data indicate that the intervention is not effective for a specific student, the special 

educator engages in experimental teaching until CBM data indicate improvement. The DBI 

process of monitoring and modification is intended to be ongoing during service delivery 

 The ability to implement DBI rests on the availability of reliable and valid CBMs of the 

targeted academic skill. For reading, oral passage reading (i.e., having a student read 
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equivalent-difficulty passages while scoring for the number of words read correctly in one 

minute) performs well as a CBM reflecting overall reading skill and is sensitive to student skill 

improvements during intervention (Tindal, 2013). By contrast, efforts to develop a reliable and 

valid CBM in written expression for DBI have been problematic for two key reasons. 

 The first key difficulty in developing written expression CBM is that typical 

administration procedures (e.g., writing sample duration) do not yield reliable data for decision 

making. Because CBMs need to be efficient (i.e., quick to administer and score) to facilitate 

ongoing progress monitoring, CBM in written expression was originally developed with a very 

short writing duration (i.e., one minute to plan and three minutes to write) and with only one 

writing sample collected per occasion; however, research indicates that longer assessment 

durations and/or more than one writing sample per student are needed for reliable scores and 

to more closely approximate typical classroom writing assignments (McMaster & Espin, 2007).  

In prior work (Keller-Margulis, Mercer, & Thomas, 2016), we investigated the reliability 

of seven minute writing samples, based on three narrative writing prompts per occasion, 

collected three times during one academic year for 145 students in grades 2-5. Generalizability 

theory analyses (Shavelson & Webb, 1991) were used to determine the effects of writing 

sample duration and the number of writing samples per occasion on the reliability of scores for 

screening and progress monitoring. In all grades, adequate reliability (> .80) for absolute 

decisions about student performance could not be obtained with single writing samples of up 

to seven-minute duration, and reliability was not adequate for absolute decisions about 

student skill growth across the academic year even with three, seven-minute writing samples 

collected per assessment occasion. Our findings are consistent with the work of other research 
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teams finding that more than one longer duration writing sample, and samples from multiple 

writing genres, may be needed for reliable estimation of student writing skill (Graham, Hebert, 

Sandbank, & Harris, 2016; Kim, Schatschneider, Wanzek, Gatlin, & Al Otaiba, 2017).  

The second key difficulty in developing written expression CBM is related to scoring 

complexity and feasibility. As noted above, more extensive writing samples (i.e., longer 

duration and multiple samples) are needed for reliable estimation of student writing skill, and 

increasing the length and number of student writing samples also increases the time required 

for teachers and other professionals to score writing samples, particularly for large numbers of 

students as is done in universal screening. This challenge is further compounded given that 

typical written expression CBM scoring methods have become more complex over time in an 

effort to improve the face and external validity of CBM scores. Early work in written expression 

CBM focused on simple scoring methods such as counts of the total number of words written 

(TWW); in addition to being perceived as poor indicators of overall writing quality by teachers 

(Ritchey & Coker, 2013), simple metrics like TWW correlate less strongly with other indicators 

of writing quality as student grade level increases and writing becomes more complex 

(McMaster & Espin, 2007). More complex scoring metrics such as correct word sequences 

(CWS; Videen, Marston, & Deno, 1982), i.e., counts of the number of adjacent words that are 

spelled correctly and make sense in context, have improved external validity compared to TWW 

for students in higher grades (e.g., Espin et al., 2008). CWS captures aspects of spelling, 

punctuation, syntax, and semantics, thereby more fully representing writing quality than TWW, 

but also considerably adding to scoring complexity and potentially affecting inter-scorer 

reliability. 
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In a preliminary attempt to resolve this tension between the need for scoring 

complexity to better represent writing quality with the time and effort required to score 

samples, we investigated the performance of automated text evaluation as a potential solution 

for scoring written expression CBM writing samples (Mercer, Keller-Margulis, Faith, Reid, & 

Ochs, 2019). Specifically, we investigated the ability of metrics generated by Coh-Metrix 

(McNamara, Graesser, McCarthy, & Cai, 2014), a program designed to evaluate characteristics 

of words, syntax, and discourse to predict student reading comprehension, to predict holistic 

ratings of writing quality for the writing samples from the general education sample in grades 2-

5 described above (Keller-Margulis et al., 2016). In general, composite scores generated from 

Coh-Metrix output performed better than typical written expression CBM scores when 

predicting quality scores on the same narrative samples, and performed similarly to typical 

written expression CBM scores when predicting performance on other narrative writing 

samples. Although these results are encouraging for the potential for automated text 

evaluation to be useful in DBI, key limitations of this study are that (a) there were few students 

with disabilities in the sample, (b) writing sample duration (seven minutes) was below 

recommendation durations for reliable estimation of student skill, and (c) validity was 

evaluated in relation to other screening writing samples, rather than with standardized writing 

assessments.    

The purpose of the current study is to address these limitations by investigating the 

performance of automated text evaluation to analyze the writing quality of 10-minute narrative 

writing samples produced by a sample of youth with significant learning difficulties or 

disabilities. The automated text evaluation quality scores are compared in relation to scores on 
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a standardized writing assessment to assess convergent validity, and in relation to scores on 

standardized reading and math assessments to assess discriminant validity. Change in the 

automated quality scores from the fall to spring of one academic year is also evaluated. 

Method 

 Writing samples from students receiving one-on-one academic intervention through the 

Learning Disabilities Society of Greater Vancouver (LDS) were analyzed in this study. As part of 

intervention services, students served at LDS complete 10-minute picture prompted narrative 

writing samples at the beginning (Sep. - Oct.) and end (May - June) of each academic year to 

inform instructional goals and to monitor progress. The writing samples (n = 204) from 105 

students in grades 2-12 were used to develop automated text evaluation models predicting 

writing quality in this study. We do not have detailed demographic or disability status 

information for these students; however, all students were experiencing academic difficulties 

substantial enough for parents or guardians to seek academic intervention services through a 

community agency (i.e., LDS). 

 Of the 105 students, a non-random sample of 33 were administered a standardized 

writing assessment in May - June of the same academic year, and also had scores on 

standardized assessments of reading and math (also collected in May - June). Of the 33 

students, 7 were in grade 3, 5 in grade 4, 6 in grade 5, 5 in grade 6, 4 in grade 7, 4 in grade 8, 

and 2 in grade 9; 17 (51.5%) were male, and 31 (39.9%) had a learning goal in written 

expression at LDS (all 33 had learning goals in literacy). 

 Measures 
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 Writing sample quality. Holistic writing quality for the picture-prompted writing 

samples was evaluated using the method of paired comparisons (Thurstone, 1927). Specifically, 

two raters on the research team each completed 3,000 comparisons of pairs of the 204 

samples. In these comparisons, the writing sample that was of better overall quality was 

identified. These comparisons were tend processed by an algorithm to yield a writing quality 

score for each sample, i.e., higher scores indicated a greater likelihood that the sample would 

be rated better than other writing samples. Technical details of this process are presented in 

Mercer et al. (2019). Quality scores were highly consistent across the two raters, with r = .95. 

 Automated text evaluation. The writing samples were submitted to ReaderBench 

(Dascalu, Dessus, Trausan-Matu, Bianco, & Nardy, 2013), an open source program that provides 

many different indicators of vocabulary complexity and diversity, syntactic complexity, and text 

cohesion. The ReaderBench generated scores were then used to predict the rated sample 

quality scores using multiple machine learning algorithms (see Mercer et al., 2019, for 

procedural details). Of the algorithms explored, partial least squares (PLS) regression was the 

best performing (85% of the variance in quality ratings explained), and presented results are 

based on the model-predicted quality scores from the PLS algorithm that are based on 

automated text evaluation with ReaderBench.  

 Standardized writing assessment. Two subtests of the Test of Written Language, 4th 

edition (Hammill & Larsen, 2009) were scored based on one picture-prompted narrative sample 

(5 minutes to plan, 15 minutes to write). Scoring for Contextual Conventions considers spelling 

and grammatical errors, and scoring for Story Composition considers quality of vocabulary, plot, 
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and interest to the reader. Raw scores, rather than age- or grade-based standard scores, were 

analyzed given that the sample was quite heterogenous in age/grade. 

 Standardized reading and math assessments. Computerized adaptive assessments of 

broad reading and broad math skills were administered (aReading and aMath; Christ et al., 

2014). Each assessment requires approximately 20 minutes to administer and is designed to 

assess skill levels ranging from kindergarten to grade 12 on a comparable scale. More detailed 

reliability and validity information is available at 

https://charts.intensiveintervention.org/chart/academic-screening   

Results 

 We first examined the extent to which the automated writing quality composite scores 

based on the fall and spring picture-prompted writing samples correlated with spring scores on 

the standardized writing, reading, and math assessments (see Table 1). 

 

Table 1. Automated quality scores in relation to standardized writing, reading, and math scores 

 TOWL CC TOWL SC aReading aMath 

 r (R2) r (R2) r (R2) r (R2) 

Fall Quality .69 (.48) .47 (.22) .53 (.28) .24 (.06) 

Spring Quality .76 (.57) .53 (.28) .56 (.31) .35 (.12) 

TOWL Quality .78 (.60) .69 (.48) -- -- 

Note. n = 33. TOWL = Test of Written Language (4th ed.), CC = Contextual Conventions, SC = 

Story Composition. Values in italics are not statistically significant (a = .05). 
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 Several key findings are evident in the values in Table 1. First, there was a general 

pattern of stronger correlations of automated writing quality scores in relation to writing 

compared to reading and math scores, which were not statistically significant, providing both 

convergent and discriminant validity evidence. Second, the automated quality scores had 

stronger relations to the TOWL subtest assessing mechanics and conventions than the TOWL 

subtest assessing substantive writing quality. Third, there is evidence of the generalizability of 

the automated scoring model—the final row of the table presents correlations of automated 

writing quality for the TOWL writing sample, based on the model developed for the other 

picture prompted samples, in relation to the actual TOWL scores. Last, although the full results 

are not presented in the table, the scores from automated text evaluation demonstrated either 

comparable or improved validity compared to typical written expression CBM hand scoring 

methods. For example, counts of the Total number of Words Written (TWW) correlated with 

TOWL CC at r = .47 for the fall sample and r = .59 for the spring sample. More complex scoring 

with Correct Word Sequences (CWS) correlated with TOWL CC at r = .67 on both the fall and 

spring samples.  

 After exploring the validity of the automated quality scores, we did preliminary analyses 

to determine the extent to which the scores demonstrated growth from the fall to the spring. 

Overall, there was a statistically significant improvement (p < .001) in automated quality scores 

from the fall (M = -.05) to the spring (M = .17). Although limited by the very small number of 

students in each grade, there was a general pattern of higher scores as grade level increased, 

and students in all grades showed improvements from fall to spring (see Figure 1). 
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Figure 1. Automated writing quality scores by grade in fall and spring (n = 33). 

Discussion 

 These results provide preliminary validity evidence that automated writing evaluation 

can be used to score picture-prompted writing samples to monitor the writing skills of students 

with significant learning difficulties. These findings are of particular importance given that 

scoring with automated text evaluation potentially can substantially improve both the scoring 

feasibility of written expression CBM and the validity of written expression CBM as a screening 

and progress monitoring tool. By reducing the time required for teachers to evaluate overall 

writing quality in samples, it is possible that using automated text evaluation for that purpose 

can enable teachers to provide more frequent and detailed feedback on specific aspects of 

student writing in need of improvement (Wilson & Czik, 2016); importantly, this work on 

automated text evaluation is not intended to imply that computer scoring can replace teacher 

evaluation of student writing, rather automated text evaluation may be a useful complement to 

the more detailed teacher evaluation that is essential for improving student writing skill. 
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Providing effective special education services to students requires educators to make 

good decisions about whether and when to modify instruction to improve student outcomes, 

and these decisions can only be made when we have good data on student academic skill 

growth. Unlike reading, developing such a measure in written expression has been challenging; 

however, these results provide preliminary information that may support the development of 

an automated tool to help teachers and other school staff identify students in need of 

intervention (relative to local norms) and to monitor their response to targeted instruction and 

intervention. 
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