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ABSTRACT 
 

 
 
 

The Computerized Monitoring of Early Reading Skills (CMERS) is a computer adaptive 
test designed to measure reading skills (alphabetic knowledge, phonological awareness, 
vocabulary, comprehension, and fluency) in students in kindergarten through third grade. This 
test as well as conventional counterparts (CTOPP blending and sound matching; PPVT; WRMT 
word identification, word attack, and passage comprehension; WRAT spelling; DIBELS ORF, 
NWF, PSF measures; letter name and letter sound tests) and outcome measures (WRMT word 
identification, SAT-9, and FCAT-NRT) were given to 123 kindergarten students, 124 first grade 
students, and 119 third grade students in order to assess the validity of the CMERS measures. 
The results indicated that while the CMERS measures have good convergent validity there was 
little evidence for discriminant validity. The conventional measures always accounted for 
significantly more variance in the outcome measures than the CMERS or DIBELS measures. 
However, the classification rates of CMERS were similar to those for the conventional measures 
as well as the DIBELS measures. The results suggest that a) CMERS is a good first attempt at a 
computer adaptive test for reading given the convergent validity and b)CMERS could be used as 
a tool in the classroom for progress monitoring, but it is more time consuming for the student 
than current procedures.



1 

INTRODUCTION 
 
 
 

For almost as long as clinicians and researchers have been studying reading difficulties in 
children, they have also been interested in finding ways to identify, as early as possible, those 
children who will develop such difficulties (Castner, 1935; DeHirsch, Jansky, & Langford, 1966; 
Feshbach, Adelman, & Fuller, 1977; Gates, 1938; Muehl & Di Nello, 1976; Stanovich, 
Cunningham, & Cramer, 1984; Wolf, 1934). Successfully predicting which children will fall 
behind in reading affords educators the opportunity to implement interventions that may 
ameliorate reading failure before it starts (Torgesen, 2002). As Mercer, Algozzine, and Trifiletti 
(1988) state, “The value of identifying children at risk of school failure rests on the intervention 
efforts of educational practitioners” (p. 186). Clearly, early identification is the first step in 
preventing reading difficulties. 
  The importance of early identification for reading difficulty can be easily understood by 
examining the consequences experienced by children who fall behind in reading growth. 
Children who lag behind fail to acquire the early reading skills that are essential for experiencing 
reading success. The absence of early reading skills combined with a lack of reading success can 
lead to the development of negative attitudes toward reading, and ultimately to reduced 
vocabulary growth due to lack of print exposure (Cunningham, Perry, & Stanovich, 1998). For 
example, Juel (1988) recorded the number of words seen in classroom basal readers by good and 
poor first grade readers and found that poor readers were exposed to half as many words in their 
classroom as good readers. Furthermore, Cunningham, Perry, and Stanovich estimate that a child 
who is at the 90th percentile in amount of independent reading in the 5th grade reads 
approximately 1.8 million words outside of school per year. In contrast, a fifth grade student at 
the 10th percentile in independent reading reads 8,000 words outside of a school setting per year. 
That means that in one year, the child at the 10th percentile is reading the equivalent of two days 
worth of reading for the 90th percentile child.  

In addition to affecting growth of vocabulary, limitations in the amount of independent 
reading affects the development of automaticity and speed of word recognition (Torgesen, 
Alexander, Wagner, Rashotte, Voeller, & Conway, 2001), which is difficult to restore once 
crucial practice opportunities are missed. Torgesen, Rashotte, and Alexander (2001) 
demonstrated the difficulty of “closing the gap” in reading fluency once children fall 
significantly behind in reading development. Data from their intervention study with 8 to 10 year 
old children classified as very poor readers showed dramatic improvements in the children’s 
reading accuracy relative to their same age classmates. However, the same data also showed that 
the children remained severely impaired in reading fluency relative to children with average 
reading skills. Such dysfluent reading usually indicates that substantial cognitive resources are 
being used to identify individual words in text rather than to construct the meaning of text. As a 
result, the dysfluent reader has fewer opportunities to develop and engage in good 
comprehension strategies. Consequently, poor readers are simultaneously struggling with word 
recognition and comprehension, and therefore are missing opportunities to grow in both aspects 
of reading. 
 The obvious need for early identification of reading difficulty has resulted in the 
development of many reading assessments. These instruments generally rely on individual 
administration with a trained examiner. The primary difficulty in using these instruments on a 
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large scale to monitor early reading development is the time and personnel resources that must 
be devoted to their administration.  The examiners who implement these assessments must be 
well trained both in administration and scoring procedures in order to uphold the reliability of the 
assessment and avoid scoring errors. All of these issues make conventional paper and pencil 
reading assessments costly in terms of time and money. 

Currently, one of the most widely used assessment instruments in early elementary 
school is The Dynamic Indicators of Basic Early Literacy Skills (DIBELS).  This battery was 
developed in an effort to establish a reliable and valid assessment procedure that would help to 
prevent reading problems before they began (Kaminski & Good, 1996). The development of this 
particular assessment battery also aligned with the National Reading Panel’s (National Reading 
Panel, 2000) conclusion that it is important not only to screen for early reading problems, but 
also to regularly monitor children’s progress as they are provided with various educational 
interventions.   

The DIBELS assessments measure growth along a continuum on the foundational skills 
of phonological awareness, alphabetic understanding, and accuracy and fluency with connected 
text (Good, Simmons, & Kame’enui, 2001). These skills were selected for the battery both 
because they have been shown to differentiate good from poor readers and because, with 
appropriate instruction, gains can be made in those skill areas (Good, Kaminski, Simmons, & 
Kame’enui, 2001). Furthermore, the DIBELS measures are considered dynamic because they can 
be used to evaluate student progress over time (allows for frequent repetition because of the large 
number of alternate forms), they are easily administered, and they are relatively quick and 
inexpensive to administer (Kaminiski & Good, 1996). 

The innovative aspect of the DIBELS measures that sets them apart from more 
conventional assessments is that each of the subtests includes a fluency component. Typically, 
fluency assessments for reading have been limited to oral reading fluency measures, which are a 
way for educators to measure and monitor a student’s progress toward becoming a fluent reader 
of connected text. A typical measure of oral reading fluency involves asking the student to read a 
grade level passage for one minute and recording the number of words read correctly. DIBELS 
extended the fluency component and incorporated it into the entire battery for several reasons. 
First, research has demonstrated that fluency is important to reading success in general (Good, 
Simmons, & Kame’enui, 2001). Second, fluency in cognitive processes is seen as a proxy for 
learning, such that as a student learns a skill the proficiency with which they perform the skill 
indicates how well they know or have learned that skill. Finally, the DIBELS developers assert 
that in order to be fluent at higher-level processes of reading a student will also need to be fluent 
with the foundational skills.  

The fluency component of DIBELS is a major part of what makes the assessments 
feasible to administer on a large scale, as it has allowed that assessment battery to make some 
progress in alleviating the time each student spends taking a test. Each DIBELS measure requires 
a child to spend only one to two minutes on each test, a significant reduction in typical 
assessment time. The appeal of DIBELS is demonstrated from their widespread use in North 
America. For the 2003-2004 school year, the DIBELS reporting network indicated that more 
than 1 million students from 45 states and Canada, including 1481 districts and 4725 schools, 
were being given some form of DIBELS (http://dibels.uoregon.edu/). 

Nevertheless, these tests have not reduced the personnel requirements or the possibility 
for scoring errors that exist with more conventional assessments. For example, each person who 
administers DIBELS must be trained in the proper procedures for administration and scoring. 
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While one might believe that the training would be relatively easy given that each measure only 
takes one minute, the current training procedure required in order to align with Reading First 
requirements in Florida is a one and a half day seminar. Additionally, if a school plans to 
administer DIBELS to all of their kindergarten through third grade students, each school must 
have a team of test administrators to facilitate the testing of every child in a timely manner, 
resulting in increased costs for the school due to the additional personnel requirements. 

In addition, the scoring errors associated with DIBELS are the same errors associated 
with any measure administered by an individual. Good, Kaminski, Simmons, and Kame’enui 
(2001) indicate that they frequently come across scores that have been miscopied, transposed, or 
entered incorrectly. This can result in a child with a reading difficulty being excluded from 
additional instruction from which they might benefit.  Therefore, although DIBELS has made 
significant gains in reducing testing time, it has not been as successful in reducing the personnel 
and typical scoring problems associated with conventional assessments.   

Overall, the financial costs of DIBELS appear minor. The tests can be downloaded from 
a website free of charge and reports can be generated for $1 per student per year. However, for 
large scale, standardized applications of the assessment, it is not feasible for schools and districts 
to download and individually copy all the forms. For example the State of Florida has 
implemented DIBELS as part of its Reading First grants, and the Florida Center for Reading 
Research (FCRR) is charged with providing the appropriate materials to all Reading First 
schools. Rather than individually copy all the forms, FCRR ordered forms from the publisher for 
171,265 students at a cost of $145,575.25. This price is discounted from the public cost of 
around $10 per year per student, which otherwise would have resulted in a cost of over $1 
million. 

In conclusion, while DIBELS has been successful in making assessments more time 
efficient and has provided a means to assess students more frequently, this assessment tool has 
not overcome the personnel requirement issues or inherent scoring problems associated with 
conventional assessments. Yet, the shear number of students who are receiving DIBELS 
assessments makes it clear that educators are yearning for this type of assessment. Therefore, it is 
in the interest of educators and students that the search for less costly and even more reliable 
reading assessments continues.  

One possible avenue to further explore for dynamic early reading assessment is computer 
adaptive testing (CAT). In general, computer adaptive tests have a distinct advantage over 
conventional tests with regard to the information they provide about students. While 
conventional measures typically have all the students within some category (grade or age) take 
the same items, this method can be inefficient because many items do not provide useful 
information to distinguish between strong vs. weak performers. That is, students with a high 
level of ability may complete a large number of items that are too easy while students with low 
ability may similarly complete items that are too difficult. Both of these instances result in 
responses that do not provide good information about the students (Mead & Drasgow, 1993). In 
contrast, a CAT attempts to give each student only those items that they have a 50% chance of 
answering correctly. This is done by implementing an item selection algorithm that selects items 
to be administered based upon ability estimates derived from item response theory (IRT) 
(Embretson & Reise, 2000).  This increases the information about a student, typically decreases 
the amount of time a student spends working on any single test, and in most instances, requires 
limited administrative personnel because the test runs on a computer.  
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As noted above, item response theory (IRT) is the driving force behind CAT. Although a 
complete discussion of IRT is beyond the scope of this paper, a brief discussion of its general 
methodology is provided. IRT assumes that each individual has some ability level along a given 
dimension, and that this ability is best estimated by items that are very close to that level. Using 
IRT, ability level is estimated by linking an examinee’s performance to the underlying trait 
measured by the test. This means that each examinee’s probability of a correct response to an 
item is a function of that examinee’s ability (Hambleton & Pitoniak, 2002). The advantages of 
IRT are that ability is determined in relation to a large pool of test items, not the items selected 
for a particular administration of the test (i.e., the ability parameters are invariant of the specific 
test items) and that item parameters are not dependent on the examinees used to estimate them 
(i.e., the item parameters are invariant of the sample of examinees) (Hambleton & Pitoniak).  

There are multiple types of algorithms that a CAT can utilize.  Typically, the algorithm 
first assigns each student a set of routing items that are identical for all students, resulting in an 
initial ability estimate for each student.  The algorithm then selects the next item that is most 
aligned with the student’s previous ability estimate, and the student’s ability estimate is then 
recalculated based upon the response to that item.  This process continues until either the 
standard error is sufficiently low, or a certain number of items have been administered, and a 
final ability estimate is provided.   

Computer adaptive tests are typically used for educational testing, and many standardized 
paper and pencil assessments have been converted to computer adaptive format. The conversion 
of standardized assessments to CAT formats has been done primarily to address the push for 
time efficient, precise measurement. One of the most notable examples is the Graduate Record 
Examination general test (GRE). This particular test was converted in two phases: the first phase 
simply moved the GRE questions into computer format, while the second phase calculated scores 
based on IRT and a computer adaptive algorithm (Schaeffer, Bridgeman, Golub-Smith, Lewis, 
Potenza, & Steffen, 1998). This form of the GRE is now the sole method of administration, 
suggesting that CAT can be successfully implemented on a wide scale.  

In summary, CAT is advantageous because it employs an IRT model that makes the test 
invariant to test items and examinees, because estimates of student ability are more precise due 
to the algorithmic selection of items that are aligned with student ability level, because this 
measurement precision typically facilitates a shorter test, and the test can be engineered to 
produce a given reliability for each student instead of an average or general reliability (Legg & 
Buhr, 1992). Additionally, CAT provides practical advantages such as test scheduling and 
immediate score reporting (Hambleton & Pitoniak, 2002) as well as reduction in personnel and 
scoring errors.  However, CAT has notable disadvantages as well. The biggest criticism is that it 
fails to take context effects into account. For example, students could get hints from one question 
that would assist them in answering another because the order of the test items is not controlled 
(Hambleton & Pitoniak). In addition, CATs also have technology requirements that may not be 
available to all potential users, and the development of CATs is generally more time-consuming 
than conventional tests.  

The possible benefits of CAT has led the Florida Center for Reading Research (FCRR), 
in partnership with Talking Fingers, Inc., to develop a computer adaptive test of reading skills 
(Computerized Monitoring of Early Reading Skills or CMERS) for students in kindergarten 
through third grade. This assessment battery has been designed to assess many of the same skills 
assessed by current conventional measures. The development of this computer adaptive test was 
conducted in a series of steps. First, researchers at FCRR developed eight subtests that would be 
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similar to conventional measures of phonological awareness, phonics, vocabulary, 
comprehension, and reading fluency. Next, reading experts at FCRR developed a large number 
of multiple-choice items (approximately 200) for each subtest (except reading fluency which was 
not intended to be computer adaptive), after which these items were administered to at least 200 
respondents in varying grades in order to adequately sample across ability levels. This resulted in 
testing approximately 2,500 kindergarten through third grade students.  

The response patterns of these students were then fit to a three-parameter logistic item 
response theory model. This model was chosen because it could account for the multiple-choice 
format of the subtests while also calculating item discrimination and difficulty.  This model 
calculated the probability of a student with a given proficiency level responding correctly to an 
item with a specified difficulty and discrimination given some likelihood of guessing.  

Next an algorithm was created based on the three parameters. This algorithm initiates 
with each student taking the same five items (routing items).  For each subtest, these items 
sample the range of difficulty, while having relatively high discrimination levels, and result in an 
initial estimate of ability level for each student. From there, the algorithm selects items for each 
student that are neither too difficult nor too easy based on their responses to previous questions. 
The algorithm stops selecting items either when it has reached a standard error of .31, which is 
associated with a reliability of .90, or the student has taken 15 items beyond the initial five 
routing items. 

 
  

Overview of the Present Study 

 

 

The purpose of the current project was to provide validity evidence for CMERS at three 
grade levels: kindergarten, first grade and third grade. As noted above, CMERS is a computer 
adaptive battery that is comprised of eight subtests designed to measure growth in phonemic 
awareness (phoneme identification, phoneme blending), phonics knowledge and skill (letter 
sounds, letter names, phonemic decoding, spelling), reading fluency, vocabulary, and passage 
comprehension. These CMERS subtests were compared to conventional measures of reading 
skill that measure the same skills in order to establish the validity of CMERS.  The conventional 
measures included individually administered DIBELS subtests, subtests from diagnostic reading 
measures, and group administered reading outcome measures.   

According to many measurement theorists, validity evidence must be demonstrated 
through multiple sources before a test can be considered acceptable (Cronbach, 1988; Angoff, 
1988; Messick, 1988).  Messick (1995) described validity as an evaluative judgment which 
assesses the adequacy and appropriateness of using test scores to take action and make 
interpretations. Validity cannot be expressed directly. Instead, “a test score is validated by 
evidence of the extent to which it measures the attribute of the respondents that the test is 
employed to measure, in the population for which the test is used” (McDonald, 1999, p. 197).  
Traditional concepts of validity consisted of construct (the extent to which a test measures a 
construct), content (the extent to which test items are representative of the domain they purport 
to measure), criterion (the relationship between a test and some criterion measure), and face 
(what the test appears to measure) (Sattler, 1992). However, measurement theorists have argued 
that the qualifying of validity by different types (i.e. construct, content, and criterion) leads to a 
premature end in the quest for a valid instrument (Messik, 1988). In other words, researchers 
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who seek to ‘validate’ a test would typically seek to demonstrate one type of validity (ex. 
content) and once that evidence had been provided, the researcher would cease to look for any 
other types of evidence (i.e. construct and criterion). This lack of searching for a more complete 
range of evidence has partially contributed to the current view of validity. This view expresses 
validity as a single dimension for which there are multiple types of evidence that all seek to 
investigate the extent to which a test score measures the ability it is purported to measure 
(McDonald, 1999).  In this view, the traditional validity categories of construct, criterion, and 
content all fall under the net of ‘validity’ because each seeks to determine whether a test 
measures what it intends to measure.  

Notably, references to the traditional category of predictive validity (which was once 
considered part of criterion validity) are absent from the unidimensional view of validity. This is 
due to the alternative purpose of such validity. Namely, predictive validity is the extent to which 
a score on a screening instrument can predict a criterion measure. While unidimensional validity 
measures attempt to assess what a given test measures, predictive validity examines how 

accurately the test can predict scores or outcomes on a criterion. As a reflection of this 
distinction, predictive validity is now generally referred to as predictive utility (McDonald, 1999; 
Singleton, 1997). It is also important to note that although concurrent evidence uses the same 
correlation, the conclusion drawn from this correlation (the test’s relatedness to the criterion) is 
regarded as evidence supporting the general validity of the test.  The only difference between the 
two types of evidence arises from the time the screen and criterion measures are administered 
(concurrently or with a lapse in time).   

The present study generated multiple types of validity evidence while still considering 
validity itself to be unidimensional. The first type of validity evidence that was sought was 
construct validity evidence, which is established by providing evidence that the test measures a 
given construct (such as “phonological awareness”). In the current study, the following question 
was addressed: Is there construct validity evidence for CMERS at each grade level? This was 
examined by analyzing the convergent and discriminant correlations from a multitrait-
multimethod (MTMM) matrix of the CMERS subtests and the corresponding conventional 
assessments at each grade level. An examination of the convergent correlations is an important 
piece of construct validity evidence because it “provides confirmation by independent 
measurement procedures” of the underlying construct (Campbell and Fiske, 1959). Conversely, 
divergent correlations can show a test is invalid if the test is too highly correlated with tests from 
which it is intended to differ. Therefore, a test that demonstrates construct validity evidence 
should be highly correlated with other tests of the same construct and have low correlations with 
tests that are intended to measure another construct. This examination involved both an initial 
examination of the correlations using the Campbell and Fiske (1959) criteria as well as a series 
of confirmatory factor analyses which examined the extent to which the tests measured an 
underlying latent trait. 

Criterion-related validity evidence involves examining the concurrent correlations 
between the subtests and the outcome measures. Criterion-related validity was examined in the 
current study by asking the following question: Does a relationship exist between the CMERS 
subtests and the grade level criterion measures?  This was demonstrated by examining the 
correlations between the CMERS subtests and the outcome measures at each grade level. 
Additionally, criterion-related validity was examined through a series of multiple regressions to 
determine how much variance the CMERS subtests account for in the various grade level 
outcomes.  
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The predictive utility (i.e., the extent to which a score on a screening instrument predicts 
a criterion measure) of the CMERS and conventional measures was also examined. Predictive 
utility in the present study will be addressed through the following question: Do the CMERS 
subtests predict specified grade level outcomes, and are these predictions as accurate as 
conventional measures?  To examine these questions, logistic regressions were performed on the 
grade level outcomes using the CMERS subtests, DIBELS measures, and the conventional 
measures. Additionally, receiver operating characteristic (ROC) curves were used to compare the 
accuracy of CMERS subtests and conventional measures in predicting grade level outcomes.  
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METHOD 
 
 
 
 

Participants 

 

 

Three hundred and sixty-six child participants were recruited for this study. Participants 
were kindergarten (N=123), first grade (N=124), and third grade (N=119) students from Florida 
public schools in Leon County. Demographic information for the students is displayed in Table 1 
by grade. Only children whose parents signed the consent form and who gave verbal assent 
participated in the study.  Students’ participation involved two thirty-minute testing sessions in 
March/April. These testing sessions were completed at times that were least disruptive to 
classroom activities.  
 
 
 
 

Table 1. Demographic Information Reported as Percentages by Grade. 

Demographic Variable Kindergarten First Grade Third Grade 

Gender 52 Male 48 Male 42 Male 

Free/Reduced Lunch 66 57 77 

Race:    

Caucasian  49 15 

Black  40 73 

Hispanic  4 4 

Asian  2 3 

Other  5 5 

        Note. Race information was not available for Kindergarten. 
 

 

 

 

Materials 

 

 

The students completed subtests from the Computerized Monitoring of Early Reading 
Skills (CMERS) as well as conventional measures that are typically used to assess the same or 
similar reading skills as those assessed by the CMERS subtests. Additionally, scores from the 
SAT-9 for first grade students or FCAT-NRT scores for third grade students were obtained as the 
outcome measures for students in those grades who participated in this project.  

CMERS tests. CMERS is comprised of eight tests that were designed to measure growth 
in phonemic awareness, phonics knowledge and skill, reading fluency, vocabulary, and passage 
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comprehension. All of the subtests except for reading fluency are computer adaptive. The 
students responded to two practice questions and five routing questions for each subtest. The 
students then responded to differing numbers of items until they had reached an acceptable 

standard error (SE ≤ .31) or the maximum number of items allowed (i.e. 15).  
Each test provided a help button that allowed the student to hear the target word and/or 

the directions again. Additionally, there was a test administer present for each administration. 
The administrator selected the tests to be administered to each student, read the directions for 
each subtest, and assisted in delivering the practice items. The students were allowed to ask the 
test administrator questions about how the computer worked during the test but test 
administrators never helped the students answer the questions while the test was in progress. 

The phoneme blending test required the student to listen to a word presented by the 
computer that was said in parts. Words were broken into either onset-rime units, or into 
individual phonemes.  The student then chose from three pictures the picture that represented the 
word that would be created if the sounds were blended together.  

The phoneme identification test asked the student to listen to a target word, which was 
represented by a picture. The student then chose from three pictures the one that began with the 
same sound as the target picture. As the student moved the cursor over each of the alternative 
pictures they heard the name of each picture.  

The phonemic decoding test required the student to listen to a nonword and then pick the 
spelling of that word from four alternatives.  

The letter name knowledge test required each student to listen to the name of a letter and 
then pick the correct letter from four alternatives displayed at the bottom of the screen. The items 
were presented in both lower and upper case but case was always consistent among the 
alternatives.  

The letter sound test is similar to the letter name test but instead of listening to the name 
of the letter the student heard the sound of a letter and then a word that starts with that sound. In 
this test all of the choices were presented in lower case letters.  

 The spelling test required the student to spell real words. The student heard the word and 
then spelled the word using a list of eight letters provided at the bottom of the screen. As the 
student clicked on each letter it appeared in a blank box so they could see what they were 
spelling. A picture of a pencil eraser was provided so the student could erase any letter as they 
spelled each word.  

The vocabulary test contained items in which the response alternatives were either 
pictures or words. The picture items required the student to listen to a word and then select one 
of four pictures that best depicted the meaning of that word. The word items require the student 
to listen to the word and then pick the written word that had the same meaning as the target 
word. In this case the child could either read the written words or listen to them if they moved 
the cursor over them.  

The comprehension test implements a cloze procedure where the student must pick from 
four choices the word that best completes the story. Some of the items were represented by 
pictures and had very little text, while others had no pictures and were a paragraph in length.  

The reading fluency test was comprised of multiple grade level reading passages for first 
through third grade. These passages contained a series of blanks that the student filled in by 
selecting the appropriate word from three choices, which were presented such that the child 
clicked on the blank until the appropriate word was displayed.  The blanks were relatively easy 
to fill in if the student was reading the passage. Because scores were only recorded for blanks 
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that were filled in correctly, the child’s score was the total number of words correctly chosen 
within two minutes. 

Conventional measures. In addition to CMERS, students were administered a series of 
conventional tests.  Some of these tests were administered by testers trained specifically for this 
study (WRAT, WRMT-R, CTOPP, and measures of letter sound and letter name knowledge) 
while others were part of the data collected by the schools (SAT-9, FCAT-NRT, and DIBELS) 
and therefore were administered by the school personnel. The reported reliabilities for each 
conventional measure are reported in Table 2. 

The spelling subtest of the Wide Range Achievement Test (WRAT) (Wilkinson, 1993) 
required students to spell a series of words with increasing difficulty until they have misspelled 
ten consecutive words. If the first five words were not spelled correctly, the student was required 
to write their name and a series of letters and then continue spelling until they have missed ten 
consecutive items. 

The word identification and word attack subtests from Woodcock Reading Mastery Test - 

Revised (WRMT-R) (Woodcock, 1987) required students to identify a list of words in isolation 
and decode a list of nonwords. These lists are organized in sections with nine words to a section. 
Students stopped when they had failed the last six items in a section or the last page of the test 
was administered. 

The passage comprehension subtest from the WRMT-R used a cloze procedure and 
progressed in difficulty from passages with pictures to those with only text. Again the test is 
divided into sections with three to four items in a section. Testing was stopped when the six 
highest-numbered items were failed or the last page of the test had been administered. 

On the blending words subtest from the Comprehensive Test of Phonological Processing 
(CTOPP) (Wagner, Torgesen, & Rashotte, 1999) students listened to words that were 
pronounced in small parts and then put those parts together to form a whole word which the 
student said aloud. Testing ceased when the student had missed three consecutive items. The 
sound-matching subtest from the CTOPP required students to choose a picture that started or 
ended with the same sound as the target item. The test administrator pronounced the target word 
as well as the three choices for each item. The test was stopped when the student missed four out 
of seven items. 

The Dynamic Indicators of Early Literacy Skills (DIBELS) (Good & Kaminski, 2001) 
measures are all fluency based because testing is stopped after one minute. In the present sample 
students took a combination of letter naming fluency, phoneme segmentation fluency, nonsense 
word fluency, and oral reading fluency depending on their grade (see Table 1). 

On the letter naming fluency test children identified a series of upper and lower case 
letters arranged on a page with ten letters to a row and eleven rows to a page. The students 
identified as many letters as they could in one minute and the total score was the number they 
identified correctly in that minute.  

The phoneme segmentation fluency test had students verbally produce individual 
phonemes in three and four phoneme words. The examiner said a word and the student broke the 
word down into its individual phonemes. Points were assigned based on the degree of 
segmentation such that points were given if the word was segmented into onset-rime, but more 
points were given if the word was segmented into the appropriate phonemes 

 The nonsense word fluency test required the student to look at a nonword and pronounce 
the individual sounds of the word or the entire word. The student completed as many as they 
could in one minute. The final score was the total correct letter sounds. Students received the 
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same number of points if they read the word correctly as one unit or pronounced each individual 
letter sound in the word correctly. 

For the oral reading fluency test students read three grade level passages for one minute. 
If the student did not read a word within 3 seconds the examiner provided the word and marked 
it as incorrect. The passages were scored by subtracting the number of errors from the total 
words read. The final score was the median score of the three passages.  

The Peabody Picture Vocabulary Test-III (PPVT-III) (Dunn & Dunn, 1997) is a 
receptive vocabulary measure in which the test administrator read a word to the student and the 
student then picked a picture from four choices that best depicted that word. The test is divided 
into sets of twelve items. The test is stopped when there are eight or more errors in a set. 

The letter sound knowledge test and the letter name knowledge test are experimental tests 
used to determine how many letters and letter sounds a student knows. Letter sound knowledge 
was evaluated using a non-published test in which the children were required to tell the 
experimenter the sound a given letter makes (Torgesen & Mathes, 1999). The letters were 
printed on a 3” X 5” note card and represented all 26 letters of the alphabet. In cases where a 
single letter can commonly represent more than one phoneme, the child is encouraged to “give 
all the sounds the letter can make”. Letter name knowledge was adapted from the letter sound 
test and required the students to say the name of the letter. The score for each test was the total 
number of letter names (maximum = 26) or sounds (maximum = 36) the child produced correctly 
for each letter. 

The Stanford Achievement Test-9 (SAT-9) (Harcourt Educational Measurement, 1997) is 
a standardized achievement test designed to measure student performance in reading and math. 
In Florida this test was given to first grade students in late March. The total reading score is a 
compilation of the scores from the reading subtests: reading comprehension, sounds and letters, 
word study skills, word reading, and sentence reading. The reading comprehension subtest 
implements three different formats in the first grade test. The two-sentence riddle involves 
selecting the picture (out of three) that describes the riddle. The short modified cloze passage 
required the student to pick one of three words that best completed the sentence. The short 
selection has students read a passage and then answer questions about it.  

The Florida Comprehensive Assessment Test – Norm Referenced Test (FCAT-NRT) 
(Harcourt Educational Measurement & Florida Department of Education, 2000) is a norm-
referenced, standardized test that compares the performance of Florida students in grades 3-10 to 
a national sample of students.  The FCAT-NRT scores are obtained from a Florida version of the 
SAT-9. The questions on the FCAT-NRT vary in difficulty to assess all students’ advancement. 
This test was administered in early March and assessed students’ achievement in reading 
comprehension and mathematics problems solving. In the reading comprehension section of the 
FCAT-NRT, students read passages and then answered multiple- choice questions about the 
passages.      

 
   

Procedure 

 

 

The CMERS subtests were all individually administered on laptop computers. Each 
student sat in front of a computer, listened to the test items through headphones, and manipulated 
a small mouse to make their selections. All students were supervised by trained test 
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administrators who verbally administered all instructions and provided technical assistance when 
necessary. 

Students always took the computer tests on a different day than the conventional paper 
and pencil tests.  The order in which the students took CMERS or the conventional measures was 
counterbalanced. As part of their regular assessment, students were administered the FCAT-NRT 
or SAT-9, DIBELS, and PPVT-III by school personnel. The SAT-9 was administered to first 
grade students and the FCAT-NRT was administered to third grade students. The DIBELS and 
PPVT-III were given to all children in kindergarten through third grade. The computer tests and 
the conventional tests were not administered on days when the students were taking the school 
wide assessments.  

Students in each grade were administered different CMERS subtests according to the 
assessment plan that was put in place by the designers of CMERS. This means that students in 
different grades took different tests based on how it is anticipated CMERS will be used in the 
future.  
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RESULTS 
 
 
 
 

Descriptive Statistics  

 

  

The data were analyzed for outliers and normality by grade. In kindergarten, the 
conventional letter name screening had a large negative skewness (-7.20) while the CMERS 
letter name ability score was moderately positively skewed (3.86). Both of these tests also 
showed large kurtosis (letter name = 63.96, CMERS letter name = 34.09). An examination of the 
data indicated that the conventional letter name test was skewed because 100 of the 123 subjects 
answered all items correctly. Given that this information was important in the comparison of the 
conventional tests to the CMERS tests (both tests show a ceiling effect), the scores for the 
conventional letter name screening were not transformed.  In the case of the CMERS letter name 
test, there were 4 outliers that were brought to the fence (mean plus or minus 2 interquartile 
ranges). This brought the skewness and kurtosis into acceptable levels (skewness = 2.54, kurtosis 
= 15.16). In first and third grade, there were no outliers and all variables met normality criteria. 
Following the examination for normality and outliers, all variables were transformed to z scores. 

The reported reliability of each outcome measure is provided in Table 2. Reliabilities 
were calculated for each conventional and CMERS test by grade and are reported in the MTMM 
matrices for each grade (Tables 3, 4, and 5). The DIBELS test/retest reliability gathered for first 
grade students in Florida was reported as the reliability for each of those measures in first grade. 
The DIBELS alternate form reliability is reported for the measures in kindergarten and third 
grade. The PPVT is the reported reliability because it was not possible to calculate reliability 
since the test was given by the school personnel and item level data was not available. The alpha 
coefficients were calculated for the remaining conventional tests and the average standard errors 
from each CMERS test were converted to reliability estimates.  
 
 
 
 

Table 2. Reported reliabilities for each outcome measure 

Test 

Internal 

Consistency 

Reliability 

Split Half 

Reliability 

WRMT-R – Word Identification  .97 

PPVT-III .94  

SAT-9 Reading Comprehension .88  

FCAT-NRT Reading 
Comprehension 

.91  

Note. Reliabilities reported for FCAT-NRT are from the SAT-9 third grade technical report. The 
SAT-9 reliabilities are from the first grade technical report. 
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The reliability for the CMERS fluency test was calculated as test/retest and is the average 
reliability of the three stories that were read. Some of the reliabilities reported for the CMERS 
tests in kindergarten were calculated on a percentage of the total sample. For the decoding 
subtest from CMERS, 4 students gave all incorrect answers; on the  CMERS phoneme 
identification subtest,  23 students gave all correct answers; for the CMERS letter name subtest,  
1 student had all correct; and for the CMERS letter sound test,  35 students answered all items 
correctly. In each case these students were dropped from that specific reliability analysis. All 
reliabilities are reported in the MTMM matrices for each grade. 

The Reading First Assessment Committee (2002) recommend that minimum reliability be 
.80 for screening and progress monitoring, and .90 when making decisions regarding individuals 
from diagnostic tests. In Kindergarten, CMERS decoding, vocabulary, phoneme identification, 
CTOPP blending and letter sound all meet the .80 recommendation, while CMERS blending, 
CMERS letter sound, WRMT word attack, letter name, and CTOPP sound matching meet the .90 
criteria. One test, CMERS letter name did not meet either criteria with a reliability of .75 
(probably due to the ceiling effect).  

In first grade, CMERS decoding, CMERS spelling, and WRAT spelling all met the .80 
criteria, while CMERS vocabulary, CMERS passage comprehension, WRMT word attack, 
PPVT, and WRMT passage comprehension met the .90 criteria. CMERS fluency did not meet 
the minimum reliability requirement with a reliability of .73 in first grade and .76 in third grade. 
With the exception of fluency, all of the CMERS measures met the .90 requirement in third 
grade along with the PPVT, while WRAT spelling and WRMT passage comprehension met the 
.80 requirement. The reliability estimates indicate that, with the exception of fluency, the 
CMERS tests are comparable with the conventional measures in terms of reliability and that they 
meet suggested requirements for assessments. 

In addition to reporting the reliabilities for the CMERS tests, histograms are presented to 
show the range of reliability for each measure in each grade. As is typical with computer 
adaptive tests, the students with the large standard errors were those students who answered the  
questions as all correct or all incorrect resulting in a poor estimate of ability. Figures 1 and 2 
depict the range of standard error for the CMERS measures in kindergarten using all 124 
subjects. The students who answered all questions correctly or incorrectly are the clear outliers. 
Figure 3 depicts the range of standard errors for the CMERS measures among first grade 
students. Only decoding had one outlier and this student failed to meet the minimum standard 
error before reaching the maximum number of items which terminated the test. The range of 
standard errors for the CMERS tests in third grade are shown in Figure 4. Overall, the CMERS’ 
measures standard errors were centered around 0.30 which is associated with a high reliability 
thus demonstrating that the CMERS measures are reliable in these three grades.  
 
 
MTMM Matrix 

 

 

The construct validity of the CMERS measures was first analyzed by visual inspection of 
three multitrait-multimethod (MTMM) matrices, one for each grade. It is important to note that 
this inspection only examined the values for CMERS and the conventional measures. The 
DIBELS measures are included in the tables as an additional comparison between the CMERS 
measures and a group of measures currently used on a wide scale. They were not used in the 



 

 

 

15

MTMM analyses because each DIBELS measure contains a fluency component which the 
CMERS measures do not and therefore, the DIBELS measures would not provide a good 
comparison because they are fundamentally different from the CMERS measures. However, the 
DIBELS oral reading fluency measures was used as a conventional measure in first and third 
grade because it was the only counterpart to the CMERS fluency measure. Therefore, in each 
grade the MTMM matrices consist of two methods, conventional and CMERS. 

An MTMM matrix is a compilation of correlations between assessments that are 
measured by more than one method and that examine more than one trait. As outlined by 
Campbell and Fiske (1959), this table provides convergent and discriminant information 
regarding methods and traits when four guidelines are applied. First, the validity coefficient 
(monotrait-heteromethod correlations) should be large and statistically significant. Second, the 
validity coefficients should be greater than the correlations between tests of different traits using 
the same method (heterotrait-monomethod). Third, the validity coefficients should be greater 
than correlations between tests of different traits using different methods (heterotrait-
heteromethod). Finally, interrelationships between traits should be the same in all heterotrait 
triangles in both monomethod and heteromethod blocks (Schmitt & Stults, 1986). That is, the 
rank order of the correlations within comparable triangles needs to be the same. For example, if 
there are two methods under review and three traits and the rank ordering of correlations 
between traits in one monomethod triangle is trait1/trait2, trait2/trait3, and trait1/trait3, then the 
other monomethod triangle should have the same rank ordering of trait1/trait2, trait2/trait3, and 
trait1/trait3. The MTMM matrix for kindergarten is shown in Table 3. The monotrait-
heteromethod correlations (validity coefficients) for decoding and blending were large (r = .56, r 
= .62) while vocabulary, letter name, and phoneme identification were medium (ranging from r = 
.37 - .48) and letter sound was small (r = .28). However, all of the validity coefficients were 
statistically significant (p<.001), thus partially meeting the first criteria and giving support for 
convergent validity. The validity coefficients were not greater than all of their heterotrait-
monomethod counter parts for any measure. Therefore, criteria two was not met and does not 
provide good evidence for discriminant validity. The third criteria, that validity coefficients be 
higher than their heterotrait-heteromethod counterparts, was only true for blending. Decoding 
and vocabulary are higher than their column counterparts, but not their rows. Letter name and 
phoneme identification were higher than their rows, but not their column counterparts and letter 
sound failed to meet either part of the criteria. Taken together these results suggest a lack of 
support for discriminant validity. Finally, only 30% of the rank orderings were the same for the 
monomethod and heteromethod triangles, providing no additional support for discriminant 
validity. To obtain the percentage of rank orderings that were the same, each triangle was 
ordered and then matched with its’ corresponding triangle (monomethod or heteromethod). The 
percentage of orderings in the same place, or off by one place, were then calculated. Thus in 
kindergarten, while there was evidence for convergent validity there is very little evidence for 
discriminant validity.
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Table 3. Multitrait-Multimethod Matrix for Kindergarten 

 
 

Note. The reliability coefficients are in parenthesis. The validity coefficients are in brackets.  Blue text displays the heterotrait-
monomethod correlations. Red text displays the heterotrait-heteromethod correlations. The means and standard deviations are based 
on raw total scores (not standard scores) for the conventional measures and theta estimates for the CMERS measures. 
 

Outcome

Method Trait 1 2 3 4 5 6 1 2 3 4 5 6 NWF PSF LNF

WRMT Word 

Identification

1 1. Decoding (0.81) 0.57

1 2. Vocabulary 0.22 (0.89) 0.20

1 3. Blending 0.41 0.21 (0.90) 0.47

1 4. Lettername 0.31 0.14 0.35 (0.75) 0.42

1 5. Lettersound 0.42 0.23 0.33 0.42 (0.90) 0.61

1 6. Phoneme identification 0.42 0.34 0.40 0.35 0.54 (0.88) 0.44

2 1. WRMT word attack [0.56] 0.20 0.58 0.40 0.53 0.57 (0.91) 0.80

2 2. PPVT 0.34 [0.37] 0.46 0.12 0.34 0.37 0.39 (0.94) 0.32

2 3. CTOPP blending 0.47 0.23 [0.62] 0.22 0.47 0.54 0.67 0.51 (0.85) 0.60

2 4. Lettername 0.24 -0.01 0.13 [0.37] 0.29 0.23 0.27 0.26 0.28 (0.91) 0.29

2 5. Lettersound 0.20 0.02 0.30 0.27 [0.28] 0.34 0.37 0.25 0.49 0.54 (0.84) 0.30

2 6. CTOPP sound matching 0.37 0.17 0.45 0.36 0.44 [0.48] 0.50 0.49 0.61 0.39 0.64 (0.93) 0.41

DIBELS NWF 0.53 0.18 0.42 0.43 0.48 0.42 0.74 0.24 0.46 0.37 0.43 0.48 (.83) 0.71

DIBELS PSF 0.35 -0.01 0.26 0.27 0.34 0.32 0.37 0.20 0.33 0.43 0.45 0.43 0.49 (.79) 0.26

DIBELS LNF 0.33 0.14 0.32 0.38 0.46 0.32 0.48 0.15 0.32 0.42 0.35 0.37 0.65 0.59 (.88) 0.52

Μ -1.10 -1.00 -0.31 -0.87 0.61 0.64 6.00 80.28 9.12 25.55 32.04 15.10 38.38 36.97 47.89 15.67

SD 0.70 0.85 0.85 0.49 1.60 1.30 5.87 18.46 3.53 1.55 5.54 5.51 21.52 14.56 18.16 12.07

Kindergarten

1. CMERS 2. Conventional
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In first grade, (see Table 4) all validity coefficients were statistically significant (p<.001) 
and all, except for vocabulary (r = .47), were large (ranging from r = .63 to .71), demonstrating 
support for convergent validity. In terms of the second criteria, validity coefficients greater than 
the heterotrait-monomethod correlations, only the coefficient for fluency was greater than the 
heterotrait-monomethod correlations for the CMERS method. Similar to kindergarten, the 
validity coefficients for the remaining measures were not greater than all of their heterotrait-
monomethod counterparts. Decoding, comprehension, and spelling were greater than their 
CMERS counterparts, but not their conventional counterparts. The third criteria was met 
completely by comprehension, spelling, and fluency, and was partially met by decoding.  Only 
vocabulary failed to meet the criteria. The third criteria provides partial evidence for discriminant 
validity for all measures except vocabulary. Finally, only 45% of the rank orderings were the 
same, which shows a lack of support for discriminant validity. Taken together the evidence for 
convergent validity is good while the discriminant validity evidence is weak. 

In third grade (see Table 5), the MTMM matrix provided good evidence for convergent 
and discriminant validity. The validity coefficients were all statistically significant (p<.001) and 
large (r = .59 to .60) giving support for convergent validity. The validity coefficients were all 
greater than their heterotrait-heteromethod counterparts providing good discriminant validity 
evidence. However, the same problem arises here for the third criteria as it did for the other two 
grades in that the validity coefficients were only greater for the heterotrait-monomethod 
counterparts for the CMERS measures, but not for the conventional measures. This pattern 
suggests only partial support for discriminant validity. Finally, 71% of the rank orderings were 
the same giving support for discriminant validity.  

In conclusion, the visual inspections of the MTMM matrices suggest that there is good 
evidence for convergent validity in each grade, but that discriminant validity evidence is more 
difficult to provide. Certainly part of the difficulty of finding discriminant validity evidence is 
that in kindergarten and first grade many of the measures within methods assess the same or very 
similar constructs. . In kindergarten, the blending and phoneme identification tasks are designed 
to measure components of phonological awareness while the letter name, letter sound, and 
decoding measures are components of phonics. Since the MTMM matrix was designed with each 
individual measure as a trait, it is clear that the component measures conceivably might be 
strongly related to one another within method. This is also the case for first grade where the 
spelling and decoding measures could be considered components of phonics. Thus another way 
to examine the matrices is through superordinate traits such as phonics and phonological 
awareness. This could be done by recalculating the matrices with only superordinate traits, or 
through confirmatory factor analysis which is discussed below. 
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Table 4. Multitrait-Multimethod Matrix for First Grade  

  
 

Note. The reliability coefficients are in parenthesis. The validity coefficients are in brackets.  Blue text displays the heterotrait-
monomethod correlations. Red text displays the heterotrait-heteromethod correlations. The means and standard deviations are based 
on raw total scores (not standard scores) for the conventional measures and theta estimates for the CMERS measures. 
 

 
 

Method Trait 1 2 3 4 5 1 2 3 4 5

DIBELS 

NWF

DIBELS 

PSF

WRMT Word 

identification

SAT-9 Scale 

Score

1 1. Decoding (0.89) 0.61 0.54

1 2. Vocabulary 0.39 (0.91) 0.56 0.58

1 3. Passage comprehension 0.43 0.52 (0.91) 0.67 0.69

1 4. Spelling 0.50 0.40 0.54 (0.87) 0.69 0.59

1 5. Fluency 0.27 0.37 0.45 0.48 (0.73) 0.30 0.30

2 1. WRMT word attack [0.63] 0.50 0.61 0.65 0.47 (0.97) 0.88 0.69

2 2. PPVT 0.32 [0.47] 0.49 0.33 0.45 0.41 (0.94) 0.50 0.60

2 3. WRMT passage comprehension 0.60 0.59 [0.71] 0.61 0.54 0.82 0.55 (0.94) 0.88 0.80

2 4. WRAT spelling 0.53 0.44 0.52 [0.71] 0.53 0.78 0.35 0.72 (0.81) 0.83 0.64

2 5. DIBELS ORF 0.45 0.51 0.62 0.63 [0.68] 0.73 0.47 0.78 0.78 (0.94) 0.85 0.76

 DIBELS NWF 0.33 0.31 0.47 0.50 0.49 0.65 0.27 0.57 0.62 0.74 (0.88) 0.69 0.50

 DIBELS PSF 0.06 -0.02 0.05 0.12 -0.04 0.01 0.07 -0.002 0.04 0.01 0.13 (0.66) 0.01 0.06

Μ 0.01 -0.29 -0.47 0.17 8.00 21.57 98.03 22.63 21.79 65.12 75.87 48.26 46.13 571.41

SD 0.92 0.75 0.88 1.60 3.45 10.62 16.92 9.11 3.16 37.76 40.81 11.37 16.59 56.32

First Grade

Outcomes2. Conventional1. CMERS
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Table 5. Multitrait-Multimethod Matrix for Third Grade 

 
Note. The reliability coefficients are in parenthesis. The validity coefficients are in brackets.  Blue text displays the heterotrait-
monomethod correlations. Red text displays the heterotrait-heteromethod correlations. The means and standard deviations are based 
on raw total scores (not standard scores) for the conventional measures and theta estimates for the CMERS measures. 
 

Method Trait 1 2 3 4 1 2 3 4

WRMT Word 

Identification

FCAT-NRT 

Scale Score

1 1. Vocabulary (0.92) 0.27 0.42

1 2. Spelling 0.28 (0.92) 0.63 0.37

1 3. Passage comprehension 0.39 0.41 (0.90) 0.40 0.59

1 4. Fluency 0.37 0.32 0.37 (0.76) 0.40 0.46

2 1. PPVT [0.59] 0.22 0.49 0.30 (0.94) 0.31 0.64

2 2. WRAT spelling 0.23 [0.60] 0.45 0.40 0.32 (0.82) 0.65 0.5

2 3. WRMT passage comprehension 0.39 0.52 [0.59] 0.50 0.45 0.63 (0.85) 0.68 0.65

2 4. DIBELS ORF 0.25 0.51 0.40 [0.60] 0.27 0.59 0.58 (0.89) 0.57 0.52

Μ 0.47 1.54 0.57 12.82 116.62 27.07 31.72 119.10 65.00 631.34

SD 0.70 1.00 0.76 4.40 16.51 3.81 5.68 29.18 10.43 34.57

2 Conventional1 CMERS

Third Grade

Outcomes
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While the visual inspection method of MTMM provides some initial insight into the 
validity of an instrument, there is no way to know whether the coefficients were statistically 
different from one another. Thus, researchers have developed techniques to quantify the pattern 
of correlations. The two most common statistical evaluations of the MTMM matrix are 
confirmatory factor analysis (CFA) and ANOVA. The CFA technique is useful because it allows 
the measures to load on latent traits, thus avoiding the problem described above of having 
component measures of the same trait which then do not allow for an accurate evaluation of 
discriminant validity. The ANOVA technique is less sophisticated because it only provides a 
global estimate and does not allow for the evaluation of individual trait-method units (Schmitt & 
Stults, 1986), but if for some reason the CFA technique cannot be used, it does as least quantify 
the amount of convergent and discriminant validity while also allowing for the estimate of 
method variance. 

 
 

Confirmatory Factor Analysis 

 

 

CMERS was designed to measure different reading or pre-reading skills at each grade. 
The choice of which skills to assess at a particular grade level was determined by current 
knowledge of the skills students need in order to become successful readers. Therefore, the 
validity evidence for CMERS needed to be examined at each grade. This also meant that the 
underlying assumptions involved in the confirmatory factor analyses used to evaluate convergent 
and discriminant validity were different for each grade.  

These analyses were designed to determine not only convergent and discriminant 
validity, but also to estimate the amount of method variance that might be present in either the 
conventional or CMERS measures. Therefore, one nested model (Correlated Trait) was 
compared to a model which infers method effects from correlated uniquenesses (CTCU model) 
to determine if a trait only model was more parsimonious while not providing a significantly 
worse fit to the data than the CTCU model for each grade (Bentler & Dudgeon, 1996).  Based on 
the recommendations of Hu and Bentler (1995) for a sample size less than 250, the significance 
of the decrease in fit between the two models was evaluated using the following fit indices and 
recommended levels: The χ2/df test (less than 3), the comparative fit index (CFI) (.90 or greater), 
the Tucker-Lewis index (TLI)(.90 or greater), the root mean square error of approximation 
(RMSEA) (.08 or less), and the χ2 difference test (should not be significant).   

Kindergarten. In order to evaluate convergent and discriminant validity, latent traits 
were specified for the confirmatory factor analyses. For kindergarten, the latent traits were 
phonological awareness, phonics, and vocabulary. Phonological awareness was comprised of 
phoneme blending and sound matching. This combination was selected based on evidence that 
these tasks are highly correlated with each other and have been shown to measure the same 
underlying construct (NRP, 2000 ; Wagner, Torgesen, Laughon, Simmons & Rashotte, 1993). 
Phonics was comprised of letter sound knowledge, letter name knowledge, and word attack 
because these variables all involve knowledge of letters and letter sound correspondences. 
Additionally, a study of latent traits in five and six-year-old children (Lonigan, Burgess, & 
Anthony, 2000) demonstrated that letter name knowledge and letter sound knowledge loaded on 
a factor separate from tests measuring phonological sensitivity. Therefore, it seemed likely that 
this same pattern would persist with kindergarten students. Vocabulary was comprised of the 
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CMERS vocabulary measure and the conventional vocabulary measure. Vocabulary was 
included in the model as its own latent trait because at this age vocabulary has not been shown to 
load with the other observed variables used in this study.  
 In the correlated uniqueness model and the correlated trait model, there were three latent 
traits (phonological awareness, phonics knowledge, and vocabulary) with variables assessed by 
different methods but assumed to measure the same construct, loading on the same traits. In the 
CTCU model the uniquenesses associated with each observed variable were allowed to correlate 
with observed variables that implemented the same method (i.e. CMERS method or conventional 
method). 
 The CTCU model, with three latent variables was not admissible for solution because too 
many of the error variances were negative. The three trait CT model was admissible, but the fit 

indices did not meet the recommendations (χ2/df = 2.80, CFI = .84, TLI = .80, and RMSEA = 
.12). Additionally the phonological awareness and phonics knowledge factors were highly 
correlated ( r = .96). Therefore, in pursuit of better fitting models, the CTCU and CT models 
were rerun with two latent traits where the measures of phonological awareness and phonics 
were combined to load on one latent trait and vocabulary was still a latent trait. The fit of these 
models can be found in Table 6. The results show that in this case the CTCU model had an 
adequate fit, but the CT model did not fit well. An inspection of the standardized factor loadings 
showed that for the letter name measures the factor loadings were low in both the CTCU and CT 
models. This was probably due to the low variance obtained on that measure. Therefore, the 
models were rerun with three factors in which the two measures of letter name were allowed to 
load on a latent trait called letter knowledge. The fit indices from these models are also reported 
in Table 6. Again, the CT model had poor fit while the CTCU model showed good fit. A chi-
square difference test between the two CTCU models indicated that the three trait factor model 
was a better fit.  
 
 
 
 
Table. 6. Fit Indices for Kindergarten Confirmatory Factor Analyses of Models of Early Reading 
Skills in Conventional and CMERS Measures. 

Model χ2 df CFI TLI RMSEA χ2 differencesa 

1. 2- Trait Factor CTCU model       42.35* 25 .97 .92 .08 (2 vs. 3) 12.35**, df = 2 

2. 2- Trait Factor CT model  152.25*** 53 .83 .79 .12  

3. 3-Trait Factor CTCU model      30.00      23 .99 .97 .05  

4. 3- Trait Factor CT model  146.17*** 53 .84 .80 .12  

Note. N = 124. χ2 = Chi-Square; CFI = Comparative Fit Index; TLI = Tucker Lewis Index; 
RMSEA = Root Mean Square Error of Approximation; aNumbers in parenthesis refer to models 

being compared by χ2 difference tests. *p<.05; **p<.01; ***p<.001. 
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 Table 7 displays the results from the CTCU three factor model with phonological 
awareness, vocabulary, and letter knowledge as the latent traits. The detection of method 
variance is determined by the significance of the correlated uniquenesses. In this case, there 
appears to be method variance associated with the conventional measures. Specifically, the letter 
name and letter sound measures were associated with this method variance. This may be due to 
the fact that those two measures are not published, standardized tests. They were also associated 
with the largest error variances from the conventional measures. 

 

 

 

 

Table 7. Kindergarten Parameter Estimates from Three Factor CTCU Model 

Trait Measure 
Standardized  
Trait Factor 

Loadings 
Error SMC Uniqueness Correlations 

Phonological 
Awareness 

CMERS 
Blending 

.77 .40 .60 
1 
 

     

Phonological 
Awareness 

CMERS 
Phoneme 
Identification 

.72 .48 .52 -.15 
1 
 

    

Phonological 
Awareness 

CMERS 
Decoding 

.66 .56 .44 -.11 -.05 1    

Phonological 
Awareness 

CMERS Letter 
sound 

.66 .56 .43 -.18* .06 -.02 1   

Vocabulary 
CMERS 
Vocabulary 

.44 .81 .20 -.03 .14 .04 .06 1  

Letter 
Knowledge 

CMERS Letter 
name 

.68 .53 .46 .05 .03 .15 .10 .09 1

Phonological 
Awareness 

CTOPP 
Blending 

.77 .41 .59 1      

Phonological 
Awareness 

CTOPP Sound 
Matching 

.61 .63 .37 .14* 1     

Phonological 
Awareness 

WRMT Word 
Attack 

.66 .39 .60 .07 .03 1    

Phonological 
Awareness/ 

Letter sound .40 .84 .16 .19** .40*** .06 1   

Vocabulary PPVT .84 .30 .70 .07 .18* -.02 .07 1  

Letter 
Knowledge 

Letter name .47 .75 .22 .09 .19** .03 .39*** .20** 1

           

 Trait 
Correlations 

1. 2. 3. 
  

    

 Phonological 
Awareness 

1   
  

    

 Vocabulary .65 1        

 Letter 
Knowledge 

.64 .21 1 
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First grade. The CTCU and CT models for first grade consisted of three latent traits: 
decoding, reading competence, and vocabulary. Decoding consisted of word attack/phonemic 
decoding and spelling. Reading competence consisted of comprehension and oral reading 
fluency. The CTCU model resulted in error covariances that were negative and thus the model 
could not be fit to the data. The CT model had an adequate fit (see Table 8 number 1), although 
the correlation between decoding and reading competence was high (r = .94) and the fluency 
variables did not have high factor score weights on reading competence. Therefore, four other 
models, 2 CTCU and 2 CT, were fit to the data. In the first iteration, a fluency latent trait was 
created so that the CTCU and CT models now had 4 latent variables. Again, the CTCU model 
had negative error covariances and could not be fit and the CT model had an adequate fit (see 
Table 8 number 3). However, decoding and reading competence were still highly correlated. 
Therefore, in the final set of models decoding and reading competence were combined to form 
one factor, and vocabulary and fluency each were separate factors. In this case, the CTCU model 
was not positive definite, but the CT model obtained adequate fit (see Table 8 number 2). 
 
 
 
 
Table 8. Fit Indices for First grade Confirmatory Factor Analyses of Models of Early Reading 
Skills in Conventional and CMERS Measures 

Model χ2 df CFI TLI RMSEA χ2 differencesa 

1. 3-Factor CT model  
   (all 10 measures) 

72.02*** 32 .95 .93 .10  

2. 3-Factor CT model 
   (with fluency factor) 

56.91** 32 .97 .96 .08 
 

(2 vs. 3) 7.75, df = 3 

3. 4-Factor CT model 49.16* 29 .98 .96 .08  

Note. N = 124. χ2 = Chi-Square; CFI = Comparative Fit Index; TLI = Tucker Lewis Index; 
RMSEA = Root Mean Square Error of Approximation;aNumbers in parenthesis refer to models  

being compared by χ2 difference tests. *p<.05; **p<.01; ***p<.001. 
 
 
 
 

Given that the three CT models obtained adequate fit, and that they were nested within 
each other it was necessary to conduct a chi-square difference test. In comparing the 3 factor 
(fluency, reading competence, and vocabulary) CT model to the 4 factor (fluency, decoding, 
reading competence, and vocabulary) there was not a significant change in model fit (see Table 
8). Therefore, the 4 factor CT model would seem to provide the best fit to the data (see Table 9). 
In terms of the MTMM  then, there are distinct traits in decoding, fluency, vocabulary, and 
reading competence and this suggested that there was not an effect of method. However, given 
that none of the CTCU models were useable there is a possibility that the CT models are not 
correct. Therefore, it seemed appropriate to also use the ANOVA technique for this data which 
will be presented in the following section. 
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Table 9. First Grade Parameter Estimates from Four Factor CT Model 

Trait Measure 
Standardized  

Trait Factor Loadings 
Error SMC

Decoding CMERS Decoding .65 .57 .42 

Decoding CMERS Spelling .75 .44 .56 

Comprehension CMERS Comprehension .75 .43 .57 

Vocabulary CMERS Vocabulary .71 .50 .50 

Fluency CMERS Fluency .68 .53  .47 

Decoding WRMT Word Attack .91 .17 .83 

Decoding WRAT Spelling .87 .27 .75 

Comprehension WRMT Passage Comprehension .95 .11 .90 

Vocabulary PPVT .67 .55 .45 

Fluency DIBELS ORF .99 .02 .98 

     

Trait Correlations 1. 2. 3. 4. 

 1. Decoding 1    

 2. Comprehension .92 1   

3. Vocabulary .71 .90 1  

4. Fluency .84 .83 .72 1 

 
 
 
 
Third grade. The models for third grade consisted of three latent traits, word reading 

ability, comprised of spelling and fluency, reading knowledge, comprised of comprehension, and 
vocabulary. The three factor CTCU model provided a mediocre fit to the data while the 3 factor 
CT model had adequate fit (see Table 10). However, given that the fluency tests were more 
effectively modeled in first grade by their own latent trait, a 4 factor CTCU and CT model were 
run with a fluency trait. In this case, the CTCU model was not admissible, but the CT model 
provided an excellent fit (see Table 10 number 3). An analysis of chi-square difference tests 
indicated that the 3 factor CT model which was nested within the 3 factor CTCU model was not 
a more parsimonious fit to the data nor was it better than the four factor CT model. However, the 
four factor CT model did prove to be a better fit than the 3 factor CTCU model. This suggests 
that there was little method variance once the fluency variables were accounted for by a latent 
trait. The full results of the four factor CT model are presented in Table 11. 
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Table 10. Fit Indices for Third Grade Confirmatory Factor Analyses of Models of Early Reading 
Skills in Conventional and CMERS Measures 

Model χ2 df CFI TLI RMSEA χ2 differencesa 

1. 3-Trait Factor CTCU model  
 

14.47* 6 .98 .89 .11 (2 vs. 1) 21.12*, df = 12

2. 3-Trait Factor CT model  
 

35.62** 18 .95 .93 .09 (2 vs. 3) 16.79**, df = 4 

3. 4-Trait Factor CT model 18.83 14 .99 .97 .05 (3 vs. 1) 4.36, df = 8 

Note. N = 119. χ2 = Chi-Square; CFI = Comparative Fit Index; TLI = Tucker Lewis Index;  
RMSEA = Root Mean Square Error of Approximation; aNumbers in parenthesis refer to models  

being compared by χ2 difference tests. *p<.05; **p<.01. 
 
 
 
 
Table 11. Third Grade Parameter estimates from Four Factor CT Model 

Trait Measure 
Standardized  

Trait Factor Loadings 
Error SMC

Decoding CMERS Spelling .71 .49 .51 

Comprehension CMERS Comprehension .69 .52 .48 

Vocabulary CMERS Vocabulary .69 .52 .48 

Fluency CMERS Fluency .69 .54 .45 

Decoding WRAT Spelling .84 .29 .71 

Comprehension WRMT Passage Comprehension .85 .28 .72 

Vocabulary PPVT .84 .29 .70 

Fluency DIBELS ORF .89 .20 .80 

     

Trait Correlations 1. 2. 3. 4. 

   1.  Comprehension 1    

   2. Decoding .86 1   

   3. Vocabulary .71 .45 1  

   4. Fluency .75 .77 .42 1 

 
 
Given the poor fit in kindergarten and the unusable CTCU models in first grade, it was 

clear that in this sample, the CFA method did not provide adequate quantitative estimates of 
convergent and discriminant validity. Therefore, the ANOVA method of estimation was used for 
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kindergarten and to more fully investigate the results obtained from the CFA’s for first and third 
grade. 

 
 

ANOVA Method 

 

 

The ANOVA method implements a three factor design (person, trait, and method) which 
results in four sources of variance that can be used as quantified counterparts of the Campbell 
and Fiske criteria. Of interest to the analysis of the MTMM are the person main effect, person by 
trait interaction, and person by method interaction (Millsap, 1995), as well as error. These four 
effects can also be converted into variance components which allow for size comparisons 
(Mellon & Crano, 1977). The variance components indicate the relative strength of convergent 
validity, discriminant validity, method bias, and error. 

The person main effect, if large indicates that the trait measures are revealing individual 
differences. The person variance associated with this main effect indicates the degree of 
convergent validity on subjects over all traits and methods. A large person by trait interaction 
indicates discriminant validity for the traits, or the degree to which persons were differentiated 
by the various trait measures. The person by method interaction, if present, suggests that the way 
people rank on traits varies by method and therefore reduces convergent validity. Here the 
variance component is the degree to which method influenced the measures. Error variance is the 
interaction of person, trait, and method. An analysis of variance was conducted for each grade 
using the formulas found in Table 12. These formulas were reported by Mellon & Crano (1977) 
and Roberts, Milich, Loney, and Caputo (1981), and are calculated directly from the MTMM 
matrices.  
 
 
 
 
Table 12. Formulas used for the Analysis of Variance for the Multitrait-Multimethod Matrices 

Note. Modeled after Roberts, Milich, Loney, & Caputo (1981). ro = average correlation of all 

the elements in the square correlation matrix including the unities in the diagonals; rwt = 

average correlation between methods within traits (2 Σ validity coefficients + tm)/tm2); rws = 

average correlation between traits within methods (2 Σ monomethod-heterotrait triangles + 
tm)/mt2). N = number of subjects, t = number of traits, m = number of methods. 

 
 

Source Degrees of freedom Sum of squares Variance component

Person N - 1 Ntm (ro) (MSP – MSe)/tm 

Person x Trait (N – 1) (t – 1) Ntm (rwt – ro) (MSPT – MSe)/m 

Person x Method (N – 1) (m – 1) Ntm (rws –ro) (MSM – MSe)/t 

Error (N – 1)(t – 1) (m – 1) Ntm (1 – rwt – rws  + ro) MSe 
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In kindergarten (see Table 13), the results of the analysis suggest that there was a 
nonsignficant degree of method variance with poor discriminant validity. The person main effect 
was significant, indicating that the traits showed individual differences between students that 
accounted for a large proportion of the variance, and thereby indicated good convergent validity. 
The subject by trait interaction was nonsignificant and did not account for a large proportion of 
the variance, and therefore indicated poor discriminant validity. The person by method 
interaction was also non-significant and accounted for a relatively small proportion of the 
variance. Overall, the explained variance suggests that there was not a reasonable degree of 
discriminant validity in the kindergarten data. In comparison to the convergent validity evidence 
provided by the person main effect, the non-significant trait by subject interaction suggests that 
there was very little discrimination between subjects as a function of trait differences. This may 
be attributable to the overlapping nature of the measures and their high degree of relatedness. 
Additionally, there was some evidence for method effects. These results supported those found 
from the application of the Campbell and Fiske criteria for kindergarten. 

In first grade (see Table 13), the analysis suggested that there was good convergent and 
discriminant validity with some effect of method. The main effect of person was significant and 
the variance was large, thereby providing convergent validity evidence. The person by trait 
interaction was also significant and relatively large, indicating good discrimination between 
subjects by trait differences. The variance attributable to the person by method interaction was 
not trivial and the interaction was significant, thus suggesting some diminished convergent 
validity and a moderate method effect. These results for discriminant validity seem to be better 
than those obtained through the Campbell and Fiske criteria while the convergent validity and 
method effect results were similar.  

The results from the third grade analysis are presented in Table 13. The person main 
effect was large and significant, while the person by trait interaction was also relatively large 
although not significant suggesting convergent validity with some discriminant validity. The 
person by method interaction was not significant and quite small, indicating very little method 
variance. These results were matched with those obtained from the Campbell and Fiske criteria. 
 
 
Criterion-Related Validity Analyses 

 

 

 In order to evaluate the criterion-related validity of CMERS, the present study first 
examined the simple correlations between the CMERS measures and various grade level 
outcomes. In kindergarten, the CMERS measures had medium to large correlations with word 

identification (mean r = .45) except for vocabulary (r = .20). This pattern was similar to the 
correlations between the conventional measures and word identification (mean r = .45) (see 
Table 3). The first grade CMERS measures where highly correlated with both word 
identification (mean r = .57) and the SAT-9 (mean r = .54) except for fluency which had a 
medium correlation. The conventional measures were more highly correlated with both word 
identification (mean r = .79) and the SAT-9 (average r = .70) than were the CMERS measures 
(see Table 4). The third grade patterns show that for the two outcomes (word identification and 
FCAT-NRT) the conventional measures had higher average correlations (r = .55, .58, and .57 
respectively) than the CMERS measures (r = .43 and .46). However, the range of correlations for 
the CMERS measures were medium to large (see Table 5) except for CMERS vocabulary which 
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had a low correlation with word identification. These preliminary analyses suggest that the 
CMERS measures are highly related to the outcome measures.   
 
 
 
 
Table 13. Analysis of Variance for MTMM in Kindergarten, First Grade, and Third Grade 

Grade Source df MS F 
Variance 

Component 

      

K Subject 122 5.01 10.38** 0.45 

 Subject x Method 122 0.91 1.87 0.08 

 Subject x Trait 610 0.73 1.52 0.13 

 Error 610 0.48  0.48 

      

1 Subject 123 4.73 18.94*** 0.45 

 Subject x Method 123 0.82 3.27 0.11 

 Subject x Trait 492 0.89 3.55** 0.32 

 Error 492 0.25  0.25 

      

3 Subject 118 4.01 10.59** 0.36 

 Subject x Method 118 0.48 1.28 0.02 

 Subject x Trait 354 0.79 2.09 0.21 

 Error 354 0.38  0.38 

                     **p<.01; ***p<.001 
 
 
In order to further evaluate the criterion-related validity of CMERS, the present study 

examined how much variance the CMERS measures accounted for in the grade level outcomes. 
This was done through a series of standard multiple regressions. Using similar analyses, the 
percentage of variance accounted for by the conventional measures and by the DIBELS 
measures was also examined.  
 The multiple regressions for kindergarten are reported in Table 14. Although the 
conventional measures accounted for 66% of the variance in word identification, word attack 
was the only significant predictor. In contrast, DIBELS and CMERS accounted for 52% of the 
variance. While the decoding measure of DIBELS was the largest contributor to the variance, the 
letter sound measure of CMERS was the largest followed by decoding. A comparison of the 
confidence limits associated with each group of predictors indicated that the variance accounted 
for by the conventional measures was significantly greater than the variance accounted for by 
both CMERS (95% CI = 0.27, 0.01) and DIBELS (95% CI = 0.27, 0.02). However, CMERS and 
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DIBELS were not significantly different from one another (95% CI = -0.14, 0.14) (see Alf and 
Graf 1999 for computation of confidence intervals).   
 
 
 
 
Table. 14. Summary of Simultaneous Regression Analysis for Kindergarten Conventional, 
DIBELS and CMERS Measures Predicting WRMT Word Identification (N = 123) 
 

Step Variable Total R2     B SE B 

CTOPP Blending   .15 .09 

CTOPP Sound Matching  -.01 .08 

WRMT Word Attack   .72*** .07 

PPVT  -.05 .07 

Letter name   .11 .07 

1. Conventional 

Letter sound .66*** -.08 .08 

     

DIBELS LNF   .18* .09 

DIBELS PSF  -.17** .08 1. DIBELS 

DIBELS NWF .52***  .68*** .09 

     

CMERS Vocabulary  -.01 .07 

CMERS Blending   .20** .07 

CMERS Phoneme Identification   .01 .08 

CMERS Letter sound   .40*** .08 

CMERS Decoding   .29*** .08 

1. CMERS 

CMERS Letter name .52***  .06 .08 

**p<.01; ***p<.001 

 
 
 
 
 In first grade, scores on word identification (see Table 15) and the SAT-9 (see Table 16) 
were predicted from conventional, DIBELS, and CMERS measures The conventional measures 
accounted for 88% of the variance in word identification while the DIBELS measures accounted 
for 72%, and CMERS measures accounted for 69%. In this case, a comparison of the R2s 
indicated that the conventional measures accounted for a significantly greater proportion of 
variance than both CMERS (95% CI = 0.11, 0.27) and DIBELS (95% CI = 0.09, 0.23) while 
CMERS and DIBELS were not significantly different from one another (95% CI = -0.12, 0.06). 
The conventional measures accounted for 69% of the variance in the SAT-9, with the CMERS 
measures accounting for 67%, and the DIBELS measures accounting for 60%. In this case, none 
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of the R2s were significantly different from one another indicating that they all account for 
similar variance. Passage comprehension was the largest contributor to both outcomes for the 
conventional measures while DIBELS oral reading fluency accounted for the most variance in 
both outcomes from that group of measures. The CMERS measures all contributed significantly 
to the prediction of word identification and with the exception of spelling were also significant 
predictors for the SAT-9.  
 
 
 
 
Table. 15 Summary of Simultaneous Regression Analysis First Grade Conventional, DIBELS, 
and CMERS Measures Predicting WRMT Word Identification (N = 124) 

Step Variable Total R2 
B SE B 

PPVT  .07* .04 

WRMT Word Attack  .29*** .05 

WRAT Spelling  .33*** .06 
1. Conventional 

WRMT Passage Comprehension .88*** .36*** .06 

     

 DIBELS PSF  -.02 .05 

 DIBELS NWF  .14* .07 1. DIBELS 

 DIBELS ORF .72*** .74*** .07 

     

 CMERS Vocabulary  .17** .06 

 CMERS Passage Comprehension  .24*** .07 

 CMERS Decoding  .25*** .06 

 CMERS Spelling  .29*** .07 

1. CMERS 

 CMERS Fluency .69*** .16** .06 

**p<.01; ***p<.001 
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Table 16. Summary of Simultaneous Regression Analysis First Grade Conventional, DIBELS, 
and CMERS Measures Predicting SAT-9 Scale Score (N = 124) 

 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

**p<.01; ***p<.001 
 
 
 
 

The multiple regressions for third grade indicated that the CMERS measures accounted 
for 45% of the variance in word identification while DIBELS accounted for 33%, and the 
conventional measures accounted for 54% (see Table 17). A comparison of the R2s indicated that 
CMERS did not differ significantly from either DIBELS (95% CI = -0.02, 0.26) or the 
conventional measures (95% CI = -0.21, 0.03)  but that the conventional measures did account 
for significantly more variance than the DIBELS measures(95% CI = 0.08, 0.34). Additionally, 
while passage comprehension was the largest contributor for the conventional measures in 
predicting word identification, CMERS spelling was the largest contributor from the CMERS 
measures. When predicting scores on the FCAT-NRT, the conventional measures accounted for 
58% of the variance, followed by CMERS (R2 = .45), and DIBELS (R2 = .27) (see Table 18). 
Comparisons of the variance indicated that the conventional measures accounted for significantly 
more variance than the CMERS (95% CI = 0.01, 0.25) or DIBELS (95% CI = 0.17, 0.45)  
measures and the CMERS accounted for significantly more variance than the DIBELS measures 
(95% CI = 0.03, 0.33). Vocabulary was the largest predictor of the conventional measures, while 
passage comprehension was the largest predictor for the CMERS measures. 

 
 
 

Step. Variable Total R2
B SE B β 

PPVT  13.35 3.49 .24*** 

WRMT Word Attack  4.48 5.73 .08 

WRAT Spelling  6.90 4.71 .12 
1. Conventional 

WRMT Passage Comprehension .69*** 28.99 5.74 .52*** 

      

DIBELS PSF  4.13 3.31 .07 

DIBELS NWF  -9.51 4.93 -.17 1. DIBELS 

DIBELS ORF .60*** 49.99 4.89 .89*** 

      

CMERS Vocabulary  10.36 3.65 .18** 

CMERS Passage Comprehension  17.74 3.99 .32*** 

CMERS Decoding  11.56 3.61 .21** 

CMERS Spelling  6.15 3.99 .11 

1. CMERS 

CMERS Fluency .67*** 15.86 3.57 .28*** 
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Table 17. Summary of Simultaneous Regression Analysis Third Grade Conventional and 
CMERS measures Predicting WRMT Word Identification (N = 119) 

Step Variable Total R2    B SE B 

WRMT Passage Comprehension  .46*** .09 

WRAT Spelling  .37*** .08 1. Conventional 

PPVT .54*** -.03 .07 

     

1. DIBELS DIBELS ORF .33*** .58*** .08 

     

 CMERS Vocabulary  -.02 .08 

 CMERS Passage Comprehension  .12 .08 

 CMERS Spelling  .52*** .08 
1. CMERS 

 CMERS Fluency .45*** 
.20* .08 

*p<.05; ***p<.001 

 
 
 
 
Table 18. Summary of Simultaneous Regression Analysis Third Grade Conventional and 
CMERS Measures Predicting FCAT-NRT Scale Score (N = 119) 

Step Variable Total R2 B SE B β 

WRMT Passage Comprehension  12.94 2.87 .38*** 

WRAT Spelling  4.08 2.70 .12 1. Conventional 

PPVT .58*** 14.91 2.38 .43*** 

      

1. DIBELS DIBELS ORF .27*** 17.81 2.74 .52*** 

      

 CMERS Vocabulary  4.75 2.75 .14 

 CMERS Passage Comprehension  15.47 2.92 .44** 

 CMERS Spelling  2.06 2.77 .06 
1. CMERS 

 CMERS Fluency .45*** 
8.01 2.75 .23** 

**p<.01; ***p<.001 
 
 
 
 
In summary, the prediction of word identification and reading comprehension is far from 

perfect based upon the measures employed in this study. The CMERS measures were statistically 
similar to the DIBELS measures in terms of how much variance each group of measures could 
account for in word identification at each grade according to the comparisons of the multiple 
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regressions. However, in kindergarten and first grade the conventional measures were always 
better predictors of word reading than either CMERS or DIBELS. In first grade, none of the 
groups of measures differed significantly from one another in predicting reading comprehension. 
However, in third grade the CMERS measures appear to have accounted for more variance than 
the DIBELS measures when predicting reading comprehension while the conventional measures 
were significantly better than both.  

Classification accuracy. Logistic regression analysis was used to obtain classification 
rates for good vs. poor readers (as assessed by word identification, SAT-9, and FCAT-NRT) 
with each group of predictors (conventional, DIBELS, and CMERS) by grade.1 The cutpoints 
were set near the 20th percentile on the outcome measures in order to examine the accuracy of the 
measures at classifying the poorest readers. The word identification cutoff score from the 
WRMT-R was a standard score of 85 or less, which was one standard deviation below the mean 
and associated with a stanine of 3. The SAT-9 scale score cutoff was 491 or less, which was 
associated with a percentile rank of 22 and a stanine of 3 both of which are substantially  below 
average for a normal distribution (Harcourt Educational Measurement, 1997). On the FCAT-
NRT, the cutoff for third grade was set to a scale score of 580 or less which corresponds to a 
percentile ranking of 22.  

Classifications from these regressions (see Table 19) provided information about the 
specificity (the probability of a student being classified as not having a reading difficulty based 
on the screening instrument given the student does not have a reading difficulty based on the 
criterion measure) and sensitivity (the probability of a student being classified as having a 
reading difficulty from the screening instrument given that the student has a reading difficulty 
based on the criterion) of each set of predictors. The classification tables also display the positive 

predictive value (the probability of a child being correctly identified by the screening instrument 
as having a reading difficulty out of the total number of children labeled as ‘at-risk’ or ‘reading 
disabled’ by the screening instrument) and negative predictive value (the probability of being 
correctly classified as not having a reading difficulty by the screening instrument out of all 
students who are identified as ‘not at-risk’ or ‘not reading disabled’ by the screening instrument) 
for each group of predictors at each grade level. In addition, the false positive rates (determined 
by dividing the number of students misidentified as ‘at risk’ by the screening instrument by the 
total number of students who are not at risk according to the criterion) and false negative rates 
(number of students misidentified as ‘no risk’ by the screening instrument divided by the total 
number of students who are at risk according to the criterion) are also displayed. 

Standards for evaluating classification results have been suggested by Gredler, (2000) 
and Carran and Scott (1992). These standards state that in order for a measure to be considered 
an acceptable tool for discriminating between students who perform adequately and those who 
do not, sensitivity, specificity, and positive predictive power estimates should not be lower than 
.75 to .80. The positive predictive values were all low, probably due to the low base rates in the 
present sample. The false negative and false positive rates were fairly standard with other 
instruments. In the case of CMERS, the rate of overidentification usually exceeds the rate of 
underidentidication, but they still hover around 20%. These rates were very similar to the rates 
for the conventional measures suggesting that CMERS was no worse than instruments already 
used to classify students into risk categories. Additionally, CMERS tended to perform slightly 
better than DIBELS across grades indicating that little information would be lost if CMERS was 
used in place of DIBELS. 
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Table 19. Classification Results by Outcome and Grade Derived from the Logistic Regression 
Analyses Based on 20th Percentile Cutpoints 

Grade Source Outcome Specificity Sensitivity
Positive 

Predictive 
Value 

Negative 
Predictive 

Value 

False 
Negative 

Rate 

False 
Positive 

Rate 

Conventional 
Word 

Identification 
.82 1 .19 1 0 .18 

CMERS 
 Word 

Identification 
.78 .80 .13 .99 .20 .22 

K 
  
(4% 
 at-
risk) DIBELS 

 Word 
Identification 

.75 .80 .12 .99 .20 .25 

Conventional 
Word 

Identification 
1 1 1 1 0 0 

CMERS 
Word 

Identification 
1 1 1 1 0 0 

1  
 
(4% 
 at-
risk) DIBELS 

Word 
Identification 

.96 1 .50 1 0 .04 

Conventional SAT-9 .96 1 .54 .99 .07 .10 

CMERS SAT-9 .91 1 .58 1 0 .09 

1  
 
(11%  
at-
risk) DIBELS SAT-9 .93 1 .64 1 0 .07 

Conventional 
Word 

Identification 
.83 1 .24 1 0 .17 

CMERS 
Word 

Identification 
.82 .83 .20 .99 .17 .18 

3  
 
(5%  
at-
risk) DIBELS 

Word 
Identification 

.81 .83 .19 .99 .17 .19 

Conventional FCAT NRT .80 .90 .29 .99 .10 .20 

CMERS FCAT NRT .82 .90 .31 .99 .10 .18 

3  
 
(8%  
at-
risk) DIBELS FCAT NRT .78 .90 .27 .99 .10 .22 

 
 
 
 
ROC curve analyses. The classification information obtained from the logistic 

regressions was used to plot each of the three ROC curves (CMERS, DIBELS, and conventional) 
for this study. These curves indicate the ability of each assessment to discriminate between those 
with and without reading difficulty.  ROC curves can be used to compare tests to one another, to 
demonstrate good sensitivity and specificity, and to determine cut points (SAS Institute Inc., 
Stead, & MacDonald, 1997). ROC curves also indicate how well an assessment performs when 
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classifying subjects with a known condition (i.e. proficient reader vs. reading disability) via a 
graphical representation. An ROC curve increases in accuracy as it curves from the lower left 
corner to the upper right corner. The area under the curve is a measure of the overall accuracy of 
the test (SAS Institute Inc. & Severino, 1998). A ROC curve that runs diagonally from the 
bottom left to upper right corners indicates poor screening because the number of false positive 
and false negatives would be 50%. This area can be thought of as an index ranging from 0.5 (no 
discrimination) to 1.0 (perfect discrimination) as the curve moves up and to the left (SAS 
Institute Inc., Stober, & Yeh, 2002). 

The ROC curves were compared by calculating the area under each curve and comparing 
those areas to see if they are statistically different from one another. The area under the curve is 
essentially the overall accuracy of the assessment. In signal detection theory terms, it is the 
probability of correctly distinguishing between a noise stimulus (false alarm/false positive) and 
signal plus noise stimulus (hit/true positive). While knowing the overall accuracy of each 
assessment is important to determine if CMERS is as accurate as DIBELS and the conventional 
tests, it is likely that the accuracy estimates will be different for each group of assessments. 
Therefore, after calculating each assessment’s accuracy those values were compared to 
determine if they were significantly different from one another. Because the present assessments 
were all given to the same subjects, the comparison of the areas was more complicated. Hanley 
and McNeil (1983) developed a formula that accounts for the relationship between the 
assessments (this relationship occurring because the assessments were given to the same 
subjects). The underlying premise is that although the standard error of each assessment may 
fluctuate independently, when the standard errors are derived from the same sample they will 
fluctuate together. Therefore, they suggest the following formula (1) where r is the correlation 
between the two areas. 

SE (Area1 – Area2) =  [SE2(Area1) + SE2(Area2)/ -2rSE(Area1) SE (Area2)]
2  (1). 

This formula is then further converted to test for significance by calculating a z ratio (see 
formula 2). 
 z = (Area1 - Area2) / (SE1

2 + SE2
2 - 2rSE1SE2)

2     (2). 
This value provides evidence that the ROC curves are different if z ≥ a specified cutoff for 
significance (i.e., z ≥ 1.96 in the present case).  

In the kindergarten sample, the logistic regressions were used to classify students into 
good vs. poor readers based on the WRMT word identification measure. Therefore, the ROC 
curve for kindergarten (see Figure 5) plots the sensitivity of each group of measures (CMERS, 
conventional, and DIBELS) against the false positive rate for each cutpoint. The conventional 
measure appears to have a better curve than either CMERS or DIBELS, both of which were very 
similar. The areas under the curves based on the trapezoidal method were .83 for conventional, 
.71 for CMERS and .69 for DIBELS. CMERS and DIBELS were not significantly different from 
one another, but the conventional measures were different from both CMERS (z = 1.97) and 
DIBELS (z = -2.42). 

The ROC curves for the classification accuracy of the conventional, CMERS, and 
DIBELS measures on WRMT word identification and SAT-9 at first grade are presented in 
Figures 6 and 7, respectively. Both CMERS and the conventional measures resulted in perfect 
discrimination on the word identification test; therefore the areas under the curves were 1.00. In 
contrast, DIBELS had an area of .94, although DIBELS did not significantly differ from either 
CMERS or conventional (z = 1.40). The DIBELS measures had the largest area under the curve 
for the SAT-9 (AUC = .91), followed by CMERS (AUC = .89) and the conventional measures 
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(AUC - .83). Again, none of the ROC curve comparisons were significantly different from one 
another.  

The third grade ROC curves are presented in figures 8, 9, and 10. In classifying students 
on the word identification measure, the conventional measures were the most accurate with the 
area under the curve (AUC) = .84. CMERS and DIBELS had the same AUC (.74), and both were 
significantly different from the conventional measures, but not different from one another. The 
CMERS and conventional measures were equivalent when classifying students on the FCAT-
NRT (AUC = .77) and DIBELS area under the curve was .75. In this case none of the 
comparisons were significant. 
 Finally, the actual areas under the curves can be subjected to a rough guide of 
acceptability. Generally, a measure is considered good if the AUC is .80 or larger and fair if it is 
.70 to .79. Using these guidelines it was clear that CMERS ranges from fair to good depending 
on the criterion measure. Although most of the ROC curves were similar, it was clear that in 
each grade the conventional measures were almost always the better measures, but CMERS was 
only worse at prediction twice (kindergarten and third grade on word identification) and it was 
always the same as DIBELS or better.  This suggests that CMERS could be used in place of 
DIBELS and the conventional measures.   
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DISCUSSION 
 
 
 
 

Three primary findings emerged from this study. First, convergent evidence of construct 
validity for the CMERS measures was present at each grade level. The ANOVAs used to analyze 
the MTMM matrices indicated that the CMERS measures were measuring individual differences 
at each grade, while the correlational and CFA results indicated that there was a modest degree 
of convergent validity in all three grades. However, the discriminant validity was low in all three 
grades. Additionally, the CFA’s indicated a method effect was present in kindergarten. The 
relatively large number of significant uniquenesses in the kindergarten model suggests that there 
is an effect of method for the conventional measures. It appears that this effect is largely 
associated with the letter name and letter sound subtests (five out of the seven significant 
correlations were related to these two measures). This effect could have been a by product of the 
ceiling effects for these two measures.  

Second, the current study demonstrated that the CMERS measures were related to the 
criterion measures, although the strength of this relationship was dependent upon both the 
individual CMERS measures and the type of criterion. For example, the CMERS vocabulary and 
fluency measures showed weaker relationships with word identification than with reading 
comprehension tests, and these correlations were generally lower than the correlations between 
their conventional counterparts and the outcome measures. Additionally, the regression analyses 
indicated that, taken together, the CMERS measures accounted for less variance in word 
identification than the conventional measures while they accounted for statistically similar 
variance when compared to the DIBELS measures. In the prediction of reading comprehension 
in third grade, the CMERS measures accounted for statistically more variance than the DIBELS 
measures, but less than the conventional measures. In comparison, the three groups of measures 
were not significantly different from one another in their overall prediction of reading 
comprehension in first grade.  

In the context of computer adaptive literacy measures, the CMERS tests performed as 
well or better than the STAR Early Literacy (Renaissance Learning Inc., 2001) assessment in 
terms of criterion validity. The STAR test is a computer adaptive assessment designed to 
measure early literacy in pre-kindergarten through third grade students. It covers 41 different 
skill concepts and generally one student will take 25 items in ten minutes. The STAR validity 
study, which was reported in the 2001 technical manual (Renaissance Learning Inc.), 
documented that the average correlations between the STAR and various outcome measures 
were .60 for kindergarten, .64 for first grade, and .61 for third grade. In comparison, the creation 
of a unit composite score for CMERS resulted in average correlations with all outcome measures 
of .66 for kindergarten, .78 for first grade, and .55 for third grade, suggesting that CMERS 
performed as well as this previously used computer adaptive measure. The STAR also reported 
modest correlations with the SAT-9 scale scores (.55 for first grade and .65 for third grade) and 
FCAT normal curve equivalents (.28 for third grade), while unit composite score correlations 
among the CMERS measures for the SAT-9 (.78 for first grade and .57 for third grade) and 
FCAT normal curve equivalent (.56 for third grade) were quite comparable. Thus, CMERS 
appears to be at least equivalent with one widely used and relatively efficient progress 
monitoring system (DIBELS) and with another published computer adaptive test (STAR) in 
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predicting important reading outcomes in kindergarten, first, and third grade. It is consistently 
less effective in predicting these outcomes compared to a battery of conventional tests that 
require substantial time to administer. 

The third important finding was that ROC curves and classification tables indicated that 
the CMERS measures should perform adequately at classifying students into risk categories. The 
standards for classification were met by CMERS in terms of sensitivity and specificity in all 
three grades on all outcomes. The only problem that was evident was that of the small values for 
positive predictive value, as these estimates are a function of the base rate of problem occurrence 
in the sample. Positive predictive power (PPP) is the probability of a child being correctly 
identified by the screening instrument as having a reading difficulty out of the total number of 
children labeled as ‘at-risk’ or ‘reading disabled’ by the screening instrument. In the present 
sample, the base rate of problem occurrence was so small that the positive predictive values were 
extremely small and therefore not useful. This is important information to consider when using 
any screening instrument because if a population has a low base rate of reading difficulty (i.e., a 
small percentage of students from that population develop reading difficulties), there is an 
increased likelihood that a screening instrument with good specificity and sensitivity could still 
result in a large number of false positives. For example, Schatschneider (2003) demonstrated that 
in a sample of 2000 students with a base rate of 15% reading difficulty, sensitivity of .95, and 
specificity of .90, the number of false positives could amount to 170.  If the base rate were 50%, 
the number of false positives would be 100. Therefore, in this case we can conclude that the 
current estimates of positive predictive value are merely a reflection of the low base rate. 

In contrast, the classification table and the ROC curves demonstrated that the CMERS 
measures were not very different from the conventional and DIBELS measures in terms of 
overall classification. The false positive and false negative rates obtained from the classification 
table were very similar, and since these are not a function of base rate we would expect CMERS 
to demonstrate these same rates with other samples. Although we would like to have seen values 
less than 20%, given that they are similar to rates obtained by DIBELS, the conventional 
measures, and other reading screening instruments (DeGraff & Torgesen, 2004), we can 
conclude that CMERS is at least performing as well as instruments in current use. Furthermore, 
the analyses of area under the curve provided additional support suggesting that although 
CMERS may not be as good as the conventional measures in terms of overall discriminant 
accuracy (in general the areas under the curves were smaller for CMERS when compared to the 
conventional) the CMERS measures were not statistically different from the conventional 
measures in first grade on the SAT-9 or in third grade on the FCAT-NRT. This would suggest 
that CMERS could be used to predict performance on these two high stakes and be as accurate as 
the more time consuming conventional measures.  

 
 

Methodological Limitations 

 

 

 There were two important methodological limitations of this study. First, data was only 
collected at one time point, which was near the end of the school year. This clearly influenced 
the kindergarten measures of letter name and letter sound, resulting in little or no variance across 
subjects. Additionally, it would be useful to know how the CMERS measures perform across the 
year since one goal of the assessment is to demonstrate student progress over time. It is possible 
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that some of the assessments are more useful at the beginning of year, while others may be more 
susceptible to growth from the middle to the end of the year.  

The second methodological concern regards the observation that our sample was over 
represented by students at the high end of the distribution on several outcome measures (e.g., 
kindergarten Woodcock Reading Mastery Test word identification mean standard score = 110, 
first grade Woodcock Reading Mastery Test word identification mean standard score = 115).  
Although the sample still met our criteria of a normal distribution, this over sampling of high 
performing students may have made it more difficult to predict those students who were likely to 
develop reading problems due to a very low base rate. 

 
 

Preparing CMERS for Future Administration 

 

 

In addition to benefiting from a study that monitors student progress over the year using 
the CMERS and conventional measures, there are some additional steps that should be 
completed before the CMERS assessment is considered ready for administration. First, the 
vocabulary measure needs to be adjusted. Two types of items are currently sampled in the 
vocabulary measure, namely, items in which words are represented with pictures and items in 
which are represented in their printed form.  On the latter type of item, the computer pronounced 
each word if the student selected it with the mouse. This second item type, involving printed 
words, makes this vocabulary measure different from the conventional measure against which it 
was compared, and may have contributed to the relatively low validity coefficients. Although the 
items measured vocabulary knowledge, they also required the students to read the words or to 
scroll over them to hear them pronounced by the computer.  It is highly possible that when 
students encountered these items they did not scroll over each word and instead made a guess. 
Which may have led to false ability. Therefore, it would seem appropriate to revise the test so 
that all items use the same picture format or redesign the items involving print such that the 
computer reads the words regardless of whether or not the student scrolls over the words. 

Second, the data suggest that the CMERS’ fluency measure is under-performing when 
compared with the DIBELS oral reading fluency measure. Given the importance of reading 
fluency, it would be important to revise the CMERS fluency measure. There are some real 
differences between the CMERS fluency measure as compared to DIBELS measure. First, we 
cannot be certain that the child is actually reading and not just guessing as to the correct word for 
the blank. Although we assume that correct mazes mean that they have read a lot of the words 
until there is voice recognition software incorporated into computer delivered assessments we 
cannot be certain. Second, the current maze format of the CMERS measure institutes a click 
through word selection process. That is when a child comes to a blank in the story they must 
click on the arrow until the word they want to select appears in the box. This may interfere with 
the child’s reading because the child cannot pick the correct word until they have seen all the 
words and it might take them several rounds with each set of words before they decide on the 
right one thus slowing down the reading and possibly interfering with their comprehension of the 
material.  

Nonetheless, there are several possible ways to improve the fluency measure. The pilot 
version was developed separately from the rest of the CMERS measures and this may have 
influenced the initial estimates of passage difficulty. Therefore, collecting further data on each 
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story and then incorporating this information into the format and grade level rating of each story 
may improve the overall quality of the fluency measure. Additionally, further analysis of the 
format of the test may prove beneficial. At this point, there is no way to know if the child is 
simply jumping from blank to blank, or actually reading the story. If there is some way to assess 
that problem, perhaps by setting some typical time a student finishes a page, then the scores of a 
student who finished a page very quickly could be thrown out. Again, this would not be possible 
to examine unless further data is acquired. It may also be beneficial to implement a drop down 
menu for each blank where all the words can be seen at once. This seems to be the typical format 
for any computer and therefore the students may be more familiar and comfortable with this 
format. 

 
 

The Promise of Computer Adaptive Testing (CAT) 

 

 

The concept of a CAT reading assessment is appealing both in terms of accuracy of 
measurement and time. Clearly this study and existing CATs indicate that it is possible to 
produce a computer adaptive reading measure that is useful for predicting reading both in terms 
of word identification and comprehension. However, another avenue to investigate is the 
possibility of taking current conventional measures and converting them to CAT. This is 
precisely what the developers of the Graduate Record Examination (GRE) did to go from the 
paper-and-pencil version to the CAT version. This technique of converting conventional 
measures has several benefits. First, it circumvents the tedious process of developing items that 
have good discrimination.  Secondly, the use of preexisting items would allow for researchers to 
more directly compare the classification accuracy of conventional tests and CATs, and to 
identify whether any differences may exist due to the method/format of the test. 

 
 

Conclusion 

 

 

 The CMERS measures have shown some promise in terms of being a useful way for 
educators to estimate student ability levels in early reading skills. However, the CMERS 
measures should be viewed with some caution given that there was not good evidence of 
discriminant validity. The lack of discriminant validity calls into question whether or not it is 
necessary to include all of the recommended subtests for each grade. If the goal of the 
assessment was to determine the likelihood that a student will develop or has reading difficulty 
then only those assessments with the most predictive power would need to be included. 
Alternatively, the CMERS measures may be a useful way for teachers to determine if their 
students are continuing to advance on the recommended measures and therefore use CMERS as 
simply a progress monitoring tool. Unfortunately, this study cannot address the usefulness of 
CMERS as a progress monitoring tool because the students were only tested once. Additionally, 
DIBELS is currently the most widely used progress monitoring tool and CMERS still takes more 
time per student than DIBELS suggesting that on a large scale it may still be more time effective 
to use DIBELS.   
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Footnotes 

1 Logistic regressions were run with cutpoints set near the national 20th percentile on the outcome measures. Across 
all three grades logistic regressions for word identification, SAT-9, and FCAT-NRT produced equations that were 
non-significant, probably due to the low rate of students at the national 20th percentile (ranging from 4-11% of the 
samples). In kindergarten the only measure to be significantly predictive of reading level on the WRMT word 
identification was DIBELS phoneme segmentation fluency. In first grade, none of the predictors were  significant in 
the prediction of word identification while the SAT-9 was significantly predicted by CMERS comprehension, 
DIBELS oral reading fluency, and the conventional decoding measure being significant (p>.01). In third grade, word 
identification was significantly predicted by CMERS vocabulary, CMERS fluency (p<.05), and CMERS spelling 
(p<.01) DIBELS oral reading fluency and the conventional passage comprehension and spelling. The performance 
of students on the third grade FCAT-NRT was predicted well by CMERS fluency (p<.01) and DIBELS oral reading 
fluency 
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APPENDIX: FIGURES  
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. Histograms of the standard errors for the CMERS vocabulary, phoneme identification, 
blending, and decoding measures in kindergarten with normal curve overlays. 
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Figure 2. Histograms of the standard errors for the CMERS letter sound and letter name 
measures in kindergarten with normal curve overlays. 
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Figure 3. Histograms of the standard errors for the CMERS measures in first grade with normal 
curve overlays. 
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Figure 4. Histograms of the standard errors for the CMERS measures in third grade with normal 
curve overlays.
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Figure 5. Kindergarten ROC curves displaying classification accuracy for conventional, 

CMERS, and DIBELS measures on WRMT word identification. 
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Figure 6. First grade ROC curves displaying classification accuracy for conventional, CMERS, 

and DIBELS measures on WRMT word identification. 
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Figure 7. First grade ROC curves displaying classification accuracy for conventional, CMERS, 

and DIBELS measures on SAT-9 scale score. 
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Figure 8. Third grade ROC curves displaying classification accuracy for conventional, CMERS, 

and DIBELS measures on WRMT word identification. 
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Figure 9. Third grade ROC curves displaying classification accuracy for conventional, CMERS, 

and DIBELS measures on FCAT-NRT scale score. 
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