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Abstract

Curriculum-based measurement of oral reading fluency (CBM-R) is widely used across the country as a quick measure
of reading proficiency that also serves as a good predictor of comprehension and overall reading achievement, but has
several practical and technical inadequacies, including a large standard error of measurement (SEM). Reducing the SEM of
CBM-R scores has positive implications for educators using these measures to screen or monitor student growth. The
purpose of this study was to compare the SEM of traditional CBM-R words correct per minute (WCPM) fluency scores
and the conditional SEM (CSEM) of model-based WCPM estimates, particularly for students with or at risk of poor reading
outcomes. We found (a) the average CSEM for the model-based WCPM estimates was substantially smaller than the
reported SEMs of traditional CBM-R systems, especially for scores at/below the 25th percentile, and (b) a large proportion
(84%) of sample scores, and an even larger proportion of scores at/below the 25th percentile (about 99%) had a smaller
CSEM than the reported SEMs of traditional CBM-R systems.
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Introduction

Curriculum-based measurement of oral reading fluency
(CBM-R) is widely used across the country as a quick mea-
sure of reading proficiency that also serves as a good predic-
tor of comprehension and overall reading achievement. But
CBM-R has several practical and technical inadequacies,
including large measurement error, or standard error of mea-
surement (SEM; Ardoin & Christ, 2009; Christ et al., 2012;
Christ & Silberglitt, 2007; Poncy et al., 2005). As teachers
use CBM-R data to screen for students at risk of poor
reading outcomes and monitor student progress to inform
instructional decisions (Christ & Coolong-Chaffin, 2007),
the large SEM of traditional CBM-R can affect the interpre-
tations and consequences of the assessment results, with
implications for instructional decision-making. With a large
SEM, observed scores do not necessarily reflect true scores;
therefore, educators could make an inappropriate educa-
tional decision based on an observed score that is higher
than the true score (e.g., decide a poor intervention is work-
ing and should continue) or an observed score that is lower
than the true score (e.g., decide a good intervention is not
working). For CBM-R measures to have meaningful conse-
quential validity for educators, scores need to be sensitive to
instructional change, and the smaller the SEM the better.

Standard Error of Measurement (SEM)

The SEM is a measure of precision of an assessment
score, where the standard deviation of the measure is
multiplied by the square root of one minus the reliability
of the measure:

SEM = SDx/1-p_..

The smaller the SEM, the more precise the score. The
SEM is generally more useful than a reliability coefficient
for assessment consumers (like teachers) because it informs
the interpretation of scores. For example, the SEM can be
used to generate confidence intervals (CI) around reported
scores; that is, the range, given a specific degree of certainty
(usually 95%), within which a student’s “true score” is con-
tained. A range of about =2 SEM around a reported score
provides a 95% CI that contains a student’s true score.
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SEM of Traditional CBM-R Scores

Traditional CBM-R WCPM scores are reported with a sin-
gle SEM using a classical test theory approach. That is, a
single SEM statistic is reported at the grade level, such that
all grade-level CBM-R WCPM scores are associated with
the same SEM. The values of the SEM of traditional CBM-R
measures have been reported to range from 5 to 20 WCPM
(e.g., Christ & Silberglitt, 2007; Poncy et al., 2005), and
although data with a SEM of 5 WCPM have been anecdot-
ally described as “very good” (Christ et al., 2012, p. 365), a
more realistic range is 6 to 12 WCPM (aimswebPlus, 2018;
Alonzo & Tindal, 2009; Christ & Colleagues, 2015;
University of Oregon, 2019). For example, the reported
WCPM SEM ranges across early elementary grades for
several CBM-R assessments are as follows: aimsweb, 6.28
to 9.58 WCPM (aimswebPlus, 2018); DIBELS 8§, 7.12 to
11.23 WCPM (University of Oregon, 2019); easyCBM,
7.71 to 12.11 WCPM (Alonzo & Tindal, 2009); and
FastBridge, 8.54 to 10.41 WCPM (Christ & Colleagues,
2015). It is important to note that the CBM-R SEM gener-
ally increases across grade levels for all CBM-R systems.

When measuring student progress, smaller SEMs become
quite important. For example, the updated Hasbrouck and
Tindal (2017) CBM-R WCPM norms reported an average
fall CBM-R score of 59 WCPM, and an average spring score
of 91 WCPM, for Grade 3 students at the 25th percentile (a
reasonable percentile cut that a school may use in practice to
define students who are at risk for poor reading outcomes and
thus target for instructional supports). The average expected
within-year growth for a Grade 3 student at the 25th percen-
tile is 32 WCPM (91-59). Given a realistic SEM of 8 WCPM,
we can estimate a 95% CI: = 2 X 8§ WCPM (SEM) = = 16,
or a 95% CI of 32 WCPM around any score between 59 and
91. Thus, the 95% CI of 32 WCPM is equal to the expected
growth for the entire year for an average at-risk student at the
25th percentile. The large CI is problematic when CBM-R
measures are used to monitor student progress and to help
make instructional decisions because a teacher cannot sepa-
rate student learning from measurement error.

Conditional SEM (CSEM)

Estimates of the standard error (SE) at different score levels
are referred to as conditional standard errors of measure-
ment, or CSEM. Conceptually, the SEM is generally equiva-
lent to the average CSEM for a given sample. According to
the Standards for Educational and Psychological Testing
(American Educational Research Association et al., 2014),
the CSEM “can be much more informative than a single
average SE for a population” (p. 39). This is true for CBM-R
(and CBM in general) where educators use scores to screen
for students at risk of poor reading outcomes, and modify
instruction based on student progress data. Teachers and
school teams analyze and evaluate student assessment data

to inform educational decisions such as: Based on universal
screening data, is the student at rvisk of poor reading out-
comes? Based on progress monitoring data, is the interven-
tion working? If ““yes,” should instruction cease or continue?
If“no,” should instruction continue or be modified?

In multitiered systems of support, students at risk of poor
learning outcomes and targeted as candidates for interven-
tion are often identified using a percentile cut score on a
norm-referenced test (e.g., at/below 25th percentile). Thus,
for progress monitoring data, decisions are concentrated in
one area of the score distribution (e.g., at/below the 25th
percentile), making the use of CSEM particularly valuable
for CBM-R decision-making. The Standards for Educational
and Psychological Testing (American Educational Research
Association et al., 2014) also indicate that “If decisions are
based on test scores and these decisions are concentrated in
one area or a few areas of the scale score, then the condi-
tional errors in those areas are of special interest” (p. 39).
As instructional decisions are often based on CBM-R
scores, and these decisions are generally concentrated in
the bottom portion of the score distribution, the CSEM for
students scoring at/below the 25th percentile are likely of
special interest to teachers and researchers (Hasbrouck &
Tindal, 2017; Nese et al., 2011). Thus, in this article we
also examined the CSEM for students at/below the 25th
percentile.

Model-Based Estimate of WCPM

The present study uses a model-based estimate of WCPM,
based on a recently proposed latent-variable psycho-
metric model of speed and accuracy for CBM-R data
(Kara et al., 2020). The model-based CBM-R WCPM
estimates are based on a two-part model that includes
components for reading accuracy and reading speed. The
accuracy component is a binomial-count factor model,
where accuracy is measured by the number of correctly
read words in the passage. The speed component is a log-
normal factor model, where speed is measured by passage
reading time. Parameters in the accuracy and speed mod-
els are jointly modeled and estimated. For a detailed
description, please see Kara et al. (2020).

There are several advantages of the model-based
WCPM estimates compared with traditional CBM-R
WCPM scores. For example, CBM-R passages can be
equated between multiple grade levels, placing the esti-
mated WCPM scores on a common scale and making it
especially useful for progress monitoring. In addition, the
model-based WCPM estimates are on the same metric as
traditional CBM-R scores (i.e., WCPM), which makes the
scale scores immediately usable for teachers and reading
specialists who are familiar with the WCPM expectations
for their students. This study focuses on the fact that the
SEs of the model-based WCPM scores can be computed
for each observation with a single test administration.
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Purpose. The purpose of this study was to compare the SEM
of traditional CBM-R WCPM scores and the CSEM of the
model-based WCPM estimates proposed by Kara et al.
(2020), particularly for students with or at risk of poor read-
ing outcomes. Our research questions are as follows.

Research Question 1: Is the average CSEM for the
model-based WCPM estimates smaller than the reported
SEMs of traditional CBM-R systems?

Research Question 2: What is the proportion of stu-
dents that have a smaller CSEM than the reported SEMs
of traditional CBM-R systems?

Research Question 3: Is the average CSEM of students
at/below the 25th percentile for the model-based WCPM
estimates smaller than the reported SEMs of traditional
CBM-R systems?

Research Question 4: What is the proportion of students
at/below the 25th percentile that have a smaller CSEM
than the reported SEMs of traditional CBM-R systems?

Method

This study was part of a larger project to develop and vali-
date a computerized assessment of CBM-R that uses auto-
mated speech recognition to score students’ readings, and
uses an advanced psychometric model to overcome some
of the inadequacies of traditional CBM-R, such as the
large SEM. See https://jnese.github.io/core-blog/ for a full
description of the larger project.

Data are from a study that compared the consequential
validity properties of the computerized assessment and a
traditional CBM-R for students in Grades 2 through 4 using
a repeated measurement design across 2017-2018. See
(https://jnese.github.io/core-blog/posts/2019-04-12-conse-
quential-validity-study-procedures/) for a full description
of the study, including more information on the measures
and procedures.

Participants

The sample included 4,084 CBM-R scores from N = 1,021
students in four schools and three school districts in the
Pacific Northwest from 2017-2018; 343 were in Grade 2,
354 were in Grade 3, and 324 were in Grade 4. Approximately
50% were male; 22% were Latinx; 79% were White, 8%
were multiracial, 7% were Hispanic, 4% were American
Indian/Alaskan Native, and less than 1% were Asian, Black,
or Native Hawaiian/Other Pacific Islander; 15% received
special education services, and 8% received English Learner
services.

Procedures

For each of the four measurement occasions (October 2017,
November 2017, February 2018, May 2018), students read
aloud online a randomly assigned, fixed set of 10 to 12

Table |. SEM of Traditional CBM-R Systems and Mean CSEM
of Model-based WCPM Estimates.

SEM
CBM-R Grade2 Grade3 Grade 4
aimswebPlus 7.78 7.46 8.40
DIBELS 8th Edition 7.84 9.59 9.63
easyCBM - 9.73 -
FastBridge 8.54 8.54 10.41

CSEM
Model-based WCPM estimate 5.15 5.47 7.63

Note. The aimswebPlus represent the smallest SEM reported in the
research report across fall, winter, and spring estimates. The model-
based WCPM estimates were computed based on the Bayesian
approach described in Kara et al. (2020). SEM = standard error of
measurement; CBM-R = curriculum-based measurement of oral reading
fluency; CSEM = conditional SEM.

passages that were each 50 or 85 words in length (£5
words). Students were to read each passage in its entirety
but were stopped after 90 s if they had not finished reading.
An automatic speech recognition engine scored each read-
ing, scoring each word as read correctly or incorrectly
(accuracy), and recording the time duration to read the pas-
sage (speed). Model-based WCPM estimates (Kara et al.,
2020) were based on these readings and data, such that a
model-based WCPM score was estimated for each mea-
surement occasion based on the 10 to 12 passages read.

Analyses

We estimated model-based WCPM and the associated
CSEM for each student (based on the set of passages read)
at each measurement occasion, and compared the CSEM
estimates with the reported SEM for the following tradi-
tional CBM-R systems: aimswebPlus, DIBELS 8th Edition,
easyCBM, and FastBridge. (Note that we examined the data
by grade and measurement occasion and found no differ-
ences across occasions, so we report all results by grade.)
To address Research Question 1, we computed the mean
CSEM by squaring the CSEM for each CBM-R score, com-
puting the mean CSEM?, and taking the square root of that

mecean.
|2 CSEM;
CSEM =[&=——©
N

To address Research Question 2, we report the propor-
tion of CBM-R scores that have a smaller CSEM than the
SEM of traditional CBM-R. For our purposes here, we used
a conservative reference SEM = 8§ WCPM for each grade,
based on the reported SEMs of traditional CBM-R systems
(see Table 1). We propose that if more than 50% of CSEM
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Figure |. Model-based WCPM estimate.

estimates fall below 8 WCPM, this will provide reasonable
evidence that the CSEM is of better quality than the SEM.

To address Research Questions 3 and 4, we repeat the
analyses of the first two research questions using model-
based estimated CBM-R scores at/below the 25th percentile
by grade and measurement occasion.

All analyses were conducted in R (R Core Team,
2019), with the following packages: papaja (Aust &
Barth, 2018), rio (Chan etal., 2018), and tidyverse
(Wickham et al., 2019).

Results

Table 1 shows the SEM for Grades 2 through 4 reported by
aimswebPlus, DIBELS 8th Edition, easyCBM, FastBridge,

as well as the mean CSEM for the model-based WCPM
estimates. In response to Research Question 1, the average
estimated CSEM for each grade was less than 8 WCPM,;
mean CSEM = 5.15 for Grade 2, 5.47 for Grade 3, and 7.63
for Grade 4. Thus, the average CSEMs of the model-based
WCPM estimate were lower than the SEMs of the tradi-
tional CBM-R systems for all grades.

In response to Research Question 2, 92% of estimated
CSEMs were less than of 8 WCPM for Grade 2, 95% for
Grade 3, and 63% for Grade 4. These results were all well
above the 50% criterion we established a priori. Across all
grades, 84% of all 4,084 CBM-R scores had a CSEM less
than 8 WCPM. Figure 1 shows the proportion of CSEM
estimates that were below 8 WCPM, as well as the relation
between the model-based estimated WCPM scores and the
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Table 2. Mean CSEM of Model-Based WCPM Estimates and
Percent Below 8 WCPM for Sample Students at/Below the 25th
Percentile.

Unique Number of Mean  Percent <8
Grade Students CBM-R Scores = CSEM WCPM
Grade 2 122 251 2.96 99.60
Grade 3 127 284 3.33 98.94
Grade 4 125 253 4.78 98.02

Note. Table results represent the total number of unique students and
CBM-R scores at/below the 25th percentile across all four repeated
measurement occasions. CSEM = conditional SEM; CBM-R =
curriculum-based measurement of oral reading fluency.

CSEMs, which were positively correlated across grades
(Grade 2, r = .82; Grade 3, r = .78; Grade 4, r = .89).

To address Research Questions 3 and 4, we selected
CBM-R scores at/below the 25th percentile of model-based
WCPM scores for each grade and measurement occasion.
For these scores at/below the 25th percentile, Table 2 dis-
plays the estimated mean CSEM, and the percent of scores
whose model-based WCPM score had a CSEM lower than 8
WCPM. In response to Research Question 3, the estimated
mean CSEMs ranged from 2.96 to 4.78 WCPM, which was
substantially smaller than the reported SEM of traditional
CBM-R systems in Table 1. And in response to Research
Question 4, nearly all (98.02%-99.60%) scores at/below the
25th percentile had a CSEM less than 8 WCPM.

Discussion

Despite the prevalent use and practical application of
CBM-R, the large SEM of traditional CBM-R leads to less
accurate scores. The results of this study showed that the
average CSEMs for the model-based WCPM estimates
across grades were substantially smaller than the reported
SEMs of traditional CBM-R systems (see Table 1), espe-
cially for students at/below the 25th percentile (see Table
2). We also found that a large proportion (84%) of CBM-R
scores had a smaller CSEM than the reported SEMs of tra-
ditional CBM-R systems; this was especially true for stu-
dents at/below the 25th percentile, of which about 98% of
CBM-R scores had a CSEM smaller than the SEM of tradi-
tional CBM-R. We found positive correlations (7 from .78
to .89) between the model-based estimated WCPM scores
and the CSEMs (see Figure 1), which has implications for
the applied use of the model-based WCPM scores, particu-
larly for teachers using these measures to monitor the prog-
ress of students at the lower end of the score distribution
who are at risk of poor reading outcomes. A lower CSEM
implies an increased reliability of CBM-R scores, and thus
provides educators with more accurate CBM-R scores that
are more sensitive to instructional change than traditional
CBM-R scores.

Limitations

It should be noted that the computerized administration of
study passages was different than traditional administration
of CBM-R passages, by design. Multiple passages were
administered, intended to be read independently and in their
entirety, that were calibrated, equated, and linked, and the
model-based scoring was developed for automated speech
recognition. Thus, the results presented here merit replica-
tion for purposes of reproducibility and generalization.

Conclusion

The results of this study provide preliminary but promising
evidence that the model-based WCPM scale scores have a
lower CSEM estimate compared with the SEM of tradi-
tional CBM-R WCPM scores, especially for students at risk
of poor reading outcomes. Lower CSEM estimates make
the model-based WCPM scores better suited for measuring
CBM-R, both for screening and progress monitoring. A
more precise screening score would help educators better
identify students at risk of poor reading outcomes. Reducing
the SEM of CBM-R progress monitoring assessments
would help educators better determine student responsive-
ness to intervention. Thus, the model-based WCPM esti-
mates could improve the consequential validity of CBM-R
assessment systems by helping educators make better deci-
sions to improve student reading outcomes.
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