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Abstract

The purpose of this study was to examine the construct and predictive validity of a dynamic
assessment (DA) of decoding learning. Students (/= 318) were assessed in the fall of first grade
on an array of instruments that were given in hopes of forecasting responsiveness to reading
instruction. These instruments included DA as well as one-point-in-time (static) measures of early
alphabetic knowledge, rapid automatized naming (RAN), phonemic awareness, oral vocabulary,
listening comprehension, attentive behavior, and hyperactive or impulsive behavior. An IQ test was
administered in spring of second grade. Measures of reading outcomes administered in spring of
first grade were accuracy and fluency of word identification skills and reading comprehension.
Factor analysis using principal axis factor extraction indicated that DA loaded on a first factor that
also included language abilities and 1Q, which the authors refer to as the “language, 1Q, and DA”
factor. It was relatively distinct from two additional factors: (a) “speeded alphabetic knowledge
and RAN” and (b) “task-oriented behavior.” A three-level (children nested within classroom;
classrooms nested within school) random intercept model with fixed effects predictors suggested
that DA differed from word attack in predicting future reading skill and that DA was a significant
predictor of responsiveness to instruction, contributing unique variance to end-of-first-grade word
identification and reading comprehension beyond that explained by other well-established
predictors of reading development.
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Many teachers, administrators, policy makers, and professional organizations are looking to
responsiveness to intervention (RTI) as an educational reform that will provide early
intervention to at-risk learners and promote more valid identification of children with
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learning disabilities. RTI is viewed by many as a more valid identification process than
traditional psychometric approaches because it guarantees in principle that all children will
participate in scientifically validated, generally effective instruction in a multilevel system of
service delivery. Thus, the use of RTI is expected to accelerate the academic achievement of
most children and reduce the likelihood that the untaught or poorly taught will be
misidentified as disabled.

RTI: Instruction as Test

More specifically, RT1 is seen as a more valid method of disability identification because the
scientifically validated, generally effective instruction becomes a “test”’—as much a test as
the Wide Range Achievement Test or Stanford-Binet. Instruction is the test stimulus and the
student’s level or rate of performance is her response. “Responsive” students to Tier 1 (or
“core”) instruction continue with it; responsive students to Tier 2 instruction reenter Tier 1
instruction. Unresponsive students in Tier 1 move to Tier 2, unresponsive students in Tier 2
move to Tier 3, and so on. In short, responsiveness to instruction determines the level of
instructional intensity that is necessary for a given child; and responsiveness, or its absence,
can help determine whether the child has a disability.

Just as commercial publishers and professional groups properly concern themselves about
the validity of scores from test instruments (see American Educational Research
Association, American Psychological Association, & National Council on Measurement in
Education, 1999), practitioners using RTI need to attend to the validity of their instruction.
Choosing research-principled curricula and empirically validated academic programs that
address at-risk students’ learning and implementing the curricula and programs with fidelity
are necessary to ensure the meaningfulness of “instruction as test.” If practitioners choose
invalid or unvalidated curricula and programs or implement validated versions of them
without fidelity and if the instruction is not generally effective, it becomes impossible to
interpret a child’s unresponsiveness to such instruction.

As reasonable as it may sound, instruction-as-test raises legitimate issues. Among the most
important is that instruction at each tier in an RTI framework may last 8 to 10 weeks or
more. Thus, a chronically unresponsive child may fail across multiple tiers for 30 weeks
before practitioners recognize that she or he requires most intensive instruction (e.g., special
education). This scenario prompts the question, “Can we conceive of an identification
process that more quickly identifies nonresponders in need of much greater help?” Adding
to the importance of this question is the sense that many practitioners can identify such
children with considerable accuracy. The question then becomes, “How do we do this as
precisely as possible?” Dynamic assessment (DA), although unconventional and
infrequently used by practitioners, might be a valuable component of a modified and more
flexible and useful RTI process (e.g., Grigorenko, 2009). Below, we briefly describe DA by
comparing it to conventional, or traditional, assessment.
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A More Efficient RTI?

DA and traditional tests

A widely known criticism of the use of traditional one-point-in-time tests with low-
achieving children is that many of them do not accurately predict future academic
performance. This inaccuracy is partly because of “floor effects.” That is, many unskilled
kinder-gartners and first graders obtain a score of zero when administered a traditional
reading test such as the Word Identification subtest of the Woodcock Reading Mastery Tests.
The zero score can reflect at least two important limitations. First, many traditional tests do a
poor job of sampling (i.e., devoting too few items to) basic or elementary skills. Second,
they typically assess only two states: unaided success or unaided failure. From a Vygotskian
perspective, however, children may be somewhere between these two states: unable to
perform the task independently but able to achieve success with assistance. With DA, the
examiner can explore the amount and nature of this assistance. Thus, DA is an index of a
child’s readiness to change and as such represents a unique means of differentiating
performance among children at the low end of the achievement continuum (e.g., Spector,
1992).

DA has been described as the assessment of learning potential, mediated learning, testing the
limits, mediated assessment, and assisted learning and transfer by graduated prompts.
Across these various conceptions, DA differs from traditional testing in terms of the nature
of the examiner—student relationship, content of feedback, and emphasis on process rather
than product (Grigorenko & Sternberg, 1998).

In traditional testing, the examiner is a neutral participant who provides standardized
directions but not, typically, performance-contingent feedback. Many DA examiners, by
contrast, not only give performance-contingent feedback but also offer instruction in
response to student failure to alter or enhance the student’s performance. Put differently,
traditional testing is oriented toward the product (i.e., level of performance) of student
learning, whereas the DA examiner’s interest is in both the product and the process (i.e., rate
of growth) of the learning. Some claim this twin focus on the level and rate of learning
makes DA a better predictor of future performance. It may help decrease the number of
“false positives,” or children who seem at risk but who, with timely instruction, may respond
relatively quickly and perform within acceptable limits. As mentioned, data from DA may
also help identify the type and intensity of intervention necessary for academic success. It
incorporates a test—teach—test format, conceptually similar to RTI techniques. However, it
can potentially measure one’s responsiveness within a much shorter time frame.

Not with standing the logic and promise of such an approach, there has been infrequent
research of DA’s psychometric properties (see Grigorenko & Sternberg, 1998), especially
regarding its predictive validity. Caffrey, Fuchs, and Fuchs (2008) conducted a review of the
research exploring DA’s predictive validity and found that traditional tests and DA similarly
predicted future academic performance, irrespective of whether the students were normally
achieving or at risk. However, DA seemed to tap achievement differently than traditional
achievement tests and cognitive tests and therefore may be an important supplement in
efforts to identify responders and nonresponders to instruction.
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Purpose of this article

Several years ago we began to develop a DA measure of early reading (i.e., decoding). The
Caffrey et al. (2008) review indicated a need to explore both its construct and predictive
validity, construct validity because DA appears to measure achievement differently than do
traditional achievement and cognitive tests, predictive validity because a DA instrument with
strong predictive validity may help identify students at risk for school failure who need more
intensive intervention. That is, DA in conjunction with traditional testing may indicate more
accurately a student’s potential for change and likeliness of school success as well as
appropriate instruction for the student. Hence, our interest in DA should not be seen as
support for the exclusion of traditional tests from prediction making, nor are we suggesting
DA as a substitute for multiple tiers of increasingly intensive instruction. Rather, it might
add accuracy and efficiency as part of a test battery that helps practitioners match children in
a timely manner to appropriate tiers of instruction within an RTI framework.

Method

Participants

Students—Students were selected from 56 first-grade classrooms in seven Title | and
seven non-Title I schools in urban and suburban middle Tennessee. We assessed every
consented child (A= 712) on word identification fluency, rapid letter naming, and rapid
sound naming, which are described below. Latent class analysis facilitated a sorting of these
712 first graders into high-, average-, and low-performing groups. We then randomly
sampled the members of each group, deliberately oversampling low-performing children—
the group most likely to be targeted for DA—to increase their numbers in our prediction
models.

Of an initial sample of 485 children, 310 were low performing, 83 were average performing,
and 92 were high performing. All were assessed in fall of first grade with a prediction
battery and in spring with an outcome battery. In addition, we assessed 1Q in the spring of
second grade. Of the initial 485 children, complete data were available for 416 after
administration of the prediction battery, 378 after the outcome battery, and 320 after we
collected IQ data in spring of second grade. Also, 2 children were eliminated as “outliers”
during data analysis, leaving us with a final sample of 318. Among this group, 50.6% were
female and 44.1% were African American, 41.0% were Caucasian, 6.0% were Hispanic,
2.4% were Asian, and 6.5% were “other.” Of the students, 42% received free or reduced-
price lunch. There were no reliable differences between the initial sample (7= 485) and the
group that completed the outcome battery in spring of first grade (r7=378) on rapid letter
naming, A1, 414) = 0.046, p = .830, rapid sound naming, A1, 414) = 0.122, p=.727, word
identification fluency (WIF), A1, 414) = 0.553, p = .458, gender, y2(1) = 0.789, p = .674,
race, y2(6) = 1.12, p=.976, or free or reduced-price lunch status, x2(1) = 0.230, p = .632.
However, the initial sample performed less well than the final sample (n7=318) on rapid
sound naming, A1, 414) =5.06, p=.025, and WIF, A1, 414) = 4.59, p=.033, but not on
rapid letter naming, A1, 414) = 3.74, p=.054. There were no between-group differences in
terms of gender, x2(1) = 2.79, p= .248, race, x2(6) = 4.26, p= .640, or free or reduced-price
lunch status, x2(1) = 0.07, p=.933.
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Examiners—There were nine examiners, all of whom were master’s students in various
academic departments at Peabody College of Vanderbilt University. The project coordinator
and a doctoral student trained the examiners in test administration in nine meetings for a
total of 10 hr. In addition, the examiners practiced administering the tests to each other and
were required to administer each test to the project coordinator with a minimum of 90%
accuracy. Examiners were given detailed guidelines, describing “desirable” test locations in
their school buildings, how to communicate with the students and to build rapport, and what
to do in case of unforeseen school events such as fire drills.

The first-grade study children were tested in 2006—2007. The prediction battery consisted of
the following variables (and measures): alphabetic knowledge (rapid letter naming, rapid
sound naming, and word attack), rapid automatized naming (RAN; letters and digits),
phonemic awareness (elision and sound matching), oral vocabulary, DA, listening
comprehension, and teacher ratings of students’ attentive behavior and hyperactivity or
impulsivity. As indicated, in the spring of second grade, an 1Q test was added to the
prediction battery. (The timing of the 1Q testing, although not ideally synchronized with the
administration of the other measures, seems acceptable given its stability.) The outcome
battery, administered in spring of first grade, comprised an untimed measure of word
identification, a timed measure of sight word reading, and a test of reading comprehension.
Following is more specific description of the tests used to select participants and the
prediction and outcome batteries. Well-known tests are described briefly.

Measures Used to Initially Select Participants

With WIF (L. S. Fuchs, Fuchs, & Compton, 2004), children are given a single page of 50
high-frequency words randomly sampled from the Dolch preprimer, primer, and first-grade-
level lists. They have 1 min to read the words as quickly as they can. If they hesitate on an
item for 4 s, the tester prompts them to proceed to the next word. Split-half reliability for the
sample was .95. For rapid letter naming (D. Fuchs et al., 2001), the tester presents a page
with 52 letters (all 26 letters in uppercase and lowercase) displayed in random order.
Students have 1 min to say the letter names. The score is the number of correct letters. Rapid
sound naming (D. Fuchs et al., 2001) requires the tester to present a page with 26 lowercase
letters displayed in random order. Students have 1 min to say sounds. The score is the
number of correct sounds. For rapid letter naming and rapid sound naming, test—retest
reliability exceeds .94. For all three measures, if the child finishes before 1 min, the score is
prorated.

Prediction Battery

Alphabetic knowledge, RAN, and phonemic awareness—We used three measures
of alphabetic knowledge. Rapid letter naming (D. Fuchs et al., 2001) and rapid sound
naming (D. Fuchs et al., 2001) were just described. The Wobodcock Reading Mastery Test—
R/NUWord Attack (WA; Woodcock, 1998) requires children to pronounce pseudowords
presented in list form. Our two measures of RAN were rapid digit naming and rapid letter
naming from the Comprehensive Test of Phonological Processing (CTOPP; Wagner,
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Torgesen, & Rashotte, 1999). With two more CTOPP measures, we explored the predictive
value of phonemic awareness. For elision (Wagner et al., 1999), the tester says words, which
the child reproduces with a syllable or phoneme removed; for sound matching (Wagner et
al., 1999), the tester presents a word and the student determines which of three words
(presented as pictures) start with the same sound.

Language-related measures—Our oral vocabulary measure was taken from the
Woodcock-Johnson Psychoeducational Battery—Revised (Woodcock, McGrew, & Mather,
2001). The tester says words, for which the child provides synonyms or antonyms. A
listening comprehension measure exploring students’ understanding of sentences and
passages came from the Woodcock Diagnostic Reading Battery (Woodcock, 1998). We also
administered the two-subtest Wechsler Abbreviated Scale of Intelligence (Psychological
Corporation, 1999), which yields an 1Q score linked to the third edition of the Wechsler
Intelligence Scale for Children. The first of these subtests, Vocabulary, comprises 42 items
that measure expressive vocabulary, verbal knowledge, and foundation of information.
Matrix Reasoning, the second subtest, measures nonverbal fluid reasoning with 35 items.
Testers present a series of patterns; students select “missing pieces” from five choices.

Attentive behavior and hyperactivity or impulsivity—The SWAN is an 18-item
teacher rating scale (www.adhd.net). Items reflect the American Psychiatric Association’s
(1994) Diagnostic and Statistical Manual of Mental Disorders criteria for attention-deficit/
hyperactivity disorder. The SWAN comprises two scales, one for inattentive behavior (Items
1-9) and a second for hyperactivity or impulsivity (Items 10-18). We report data for each (7-
point) subscale as the average rating per item across the nine relevant items. Coefficient
alpha for this sample exceeded .96 for the two subscales.

Dynamic assessment—We created a one-session DA (D. Fuchs et al., 2007). The tester
uses a scripted standardized administration and pseudowords to teach three increasingly
difficult decoding skills: CVC (taught as linguistic word families), CVCe, and CVC(C)ing.
For each skill, five levels of more and more explicit scaffolded instruction can be used.
Between each level of instruction, six pseudowords (not used for instruction but paralleling
instructional items) are presented. If the student reads at least five of the six words correctly,
the tester deems the skill mastered and moves the student to the next, more advanced skill. If
the student reads fewer than five words correctly, the tester engages the student in more
explicit instruction of that skill. If the student fails to achieve mastery across Levels 1-5 of
the scaffolded instruction for the given skill, the DA session is terminated. Put differently, if
the student does not reach mastery by Level 5 of the CVC skill, the CVCe and doubling
sections of the test are not administered. If the student does not reach mastery on the CVCe
skill, the doubling section of the test is not administered. (Contact the first author for the
script that directed the administration of the CVC section of our DA.)

For each of the three decoding skills, or sections of the test, students are scored 1 through 5.
A score of 1 indicates the student reached mastery after the first level of instruction (Level
1); a score of 5 indicates that the student reached mastery at the fifth and final level (Level
5). If students are not administered a section (because of a lack of mastery of a more
elementary skill), they are given a score of 5. Scores for the three skills or sections of the DA
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are added for a total score. A lower score indicates quicker mastery of content. In our
analyses, we reversed values so that higher scores indicated quicker mastery. In a pilot study
with 100 first-grade children, the 4-week stability coefficient for the DA score was .72
(Fuchs, 2009).

Outcome Battery

Results

Word identification—We included two measures of word identification, the first of which
was the Woodcock Reading Mastery Test—R/NU Word ldentification (WID; Woodcock,
1998). Children read words presented in list form. We also administered Sight Word
Reading Efficiency (SWE), a subtest of the 7est of Word Reading Efficiency (Torgesen,
Wagner, & Rashotte, 1997). It allows children 45 s to read words presented in list form.

Reading comprehension—The first set of items on the Woodcock Reading Mastery
Test—R/NU Passage Comprehension (PC; Woodcock, 1998) requires the tester to present a
symbol (i.e., rebus) and to ask the child to point to the picture corresponding to the rebus.
Next, the child points must point to the picture representing words printed on the page.
Finally, the child reads a passage silently and identifies the missing word.

Construct Validity

To explore the construct validity of DA, we conducted an exploratory factor analysis on the
first-grade prediction battery, which included the second-grade 1Q measure. Factor analysis
is meant to reveal latent variables that cause performance to covary on the “manifest”
variables (our measures). During factor extraction, the shared variance of a variable is
partitioned from its unique variance and error variance to reveal the underlying factor
structure. Only shared variance appears in the solution. Manifest variables were measures of
alphabetic knowledge (rapid letter naming and rapid sound naming), RAN (letters and
digits), phonemic awareness (elision and sound matching), oral vocabulary, DA, listening
comprehension, 1Q, and teacher ratings of attentive behavior and hyperactive or impulsive
behavior.

We first explored whether underlying assumptions of factor analysis were met in our data
set. As mentioned, we identified two participant outliers with zscores larger than 3.0
standard deviations (SDs) from the mean on both RAN measures (letters and digits). They
were omitted from all analyses, leaving 318 children with complete data. This sample size is
considered adequate for factor analysis (Tabachnick & Fidell, 2007). Table 1 presents means
and SDs as well as skew and kurtosis estimates for the manifest variables. Distributional
estimates of skew and kurtosis were not statistically significant, indicating the assumption of
univariate normality was met. Pairwise scatterplots revealed strong linear relations among
variables and suggested multivariate normality. Table 2 displays correlations among the
manifest variables, which ranged from .17 to .76. The pattern of these correlations does not
suggest the presence of multicollinearity. Overall, the data structure appeared appropriate for
factor analysis.
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Factor analysis using principal axis factor extraction produced three factors with eigenvalues
greater than 1.0 (i.e., Kaiser—Gutterman rule), which accounted for 60.2% of the variance.
Examination of the scree plot confirmed a natural break point in the curve after three factors.
Thus, we used a three-factor model to explain the data. The magnitude of the KMO measure
of sampling (.875) and Bartlett’s test of sphericity, x2(66) = 1983.5, p < .001, indicated that
factor analysis had a high probability of identifying the latent structure of the data.
Commonality values were relatively high, ranging from .40 to .87. This indicated that
significant variance was explained by the factor structure. An oblique rotation that allowed
factors to correlate was used to examine factor structure. Table 3 displays factor loading
patterns, communalities, eigenvalues, percentage variance, and factor correlations for the
factor extraction. Factor loadings less than .40 were eliminated from the table.

The three factors identified are relatively clear and easy to interpret. Factor 1 is defined by
high loadings on language ability (oral vocabulary, listening comprehension, elision, and
sound matching), 1Q, and DA. We refer to this factor as “language, 1Q, and DA.” Factor 2 is
defined by high loadings on rapid letter naming, rapid sound naming, and the two RAN
measures. We name this factor “speeded alphabetic knowledge and RAN.” Factor 3 is
defined by loadings on the attentive behavior and hyperactivity or impulsivity ratings, and
we refer to it as “task-oriented behavior.” Correlations among the factors ranged from .38
to .54. There was little cross-loading of variables among them. So results indicate that DA
loads on a factor that also includes language abilities (including comprehension and
phonemic awareness) and 1Q. This factor is relatively distinct from factors of speeded
reading and task-oriented behavior.

Predictive Validity

To assess predictive validity, we examined the extent to which DA predicted variance in the
outcome battery administered in spring of first grade, after controlling for student
performance on the other predictors. Before exploring the utility of the prediction models,
we examined correlations and looked for potential school and classroom dependency in the
outcome measures. Correlations between the predictor measures and spring-of-first-grade
outcome measures are shown in Table 4. (Because high scores on the DA signify poor
performance—the opposite of the scales of the traditional measures—correlations are
negative.) The measures associated with the language, 1Q, and DA factor and the speeded
alphabetic knowledge and RAN factor were highly correlated with outcome measures,
whereas measures associated with the task-oriented behavior factor were somewhat lower.
Correlations between DA and reading outcomes were high, ranging from .61 to .72. The
correlations between WA skill and reading outcomes seemed even stronger, ranging from .74
to .81.

In terms of dependency, school level and classroom level variance estimates and intraclass
correlations are shown in Table 5 for the spring of first grade outcome battery. For each
reading outcome, significant dependency existed at the levels of school and classroom. The
percentage of school variance ranged from 8.2 to 12.6; the percentage of classroom variance
ranged from 6.1 to 10.4. In all, approximately 18% of the variance in reading outcomes was
associated with school and classroom membership.
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We therefore used multilevel modeling to partition variance between child and school levels
(i.e., estimating both classroom and school variance). This permitted the prediction of child
level variance by itself using HLM 6.06 (Raudenbush, Bryk, & Congdon, 2004 ) with robust
standard errors. Two different models estimated the relationship between DA and reading
outcomes in spring of first grade. To examine the relationship between DA and WA as
predictors, Model 1 allowed only DA and WA to compete. Model 2, by contrast, estimated
the predictive utility of DA in the presence of all the fall predictors.

Table 6 shows regression coefficients, significance levels, standard errors, and pseudo /2
estimates. Results of Model 1 indicate that DA and WA together explain a substantial
percentage of variance for each of the three reading outcomes, ranging from 48.5% to
63.6%. The variance shared by DA and WA ranged from 27.3% to 39.4%. The DA and WA
measures each predicted unique variance across the three outcome measures with WA
consistently predicting greater variance. Findings from Model 2 indicate that when DA was
in competition with all predictors, it was a statistically significant predictor of word
identification and PC, uniquely accounting for 2.3% and 1.0% of the variance, respectively.
Results suggest that DA is a significant predictor of responsiveness to reading instruction,
contributing unique variance beyond that associated with other established predictors of
reading development.

Discussion

We have described an exploration of the utility of DA of first graders who were learning to
read. Findings suggest it may have value as part of a test battery to identify young children
with severe learning needs who require most intensive instruction in RTI frameworks. The
importance of such a battery is suggested by the fact that typical RTI procedures require
many children to spend weeks and sometimes the better part of a school year in
insufficiently intensive instruction before they gain access to the appropriate education they
need. A test battery that identifies such children can expedite a correct match between them
and an appropriate instructional environment, which has always been a raison d’étre of RTI.

In developing DA for early reading, we were looking for evidence of its construct and
predictive validity, that it both (a) taps skills untapped by more established measures and (b)
explains unique variance in reading performance. Findings indicate modest support for both.
As explained, DA loaded on a factor with language and 1Q, suggesting it is partly a language
task that requires the manipulation of novel information (not unlike 1Q tests). Regarding its
predictive validity, one can reasonably be of two minds. On the plus side, it explains unique
variance ranging from 1.0% (PC) to 2.3% (WA). On the minus side, it can be said that these
proportions are small.

When weighing the importance of these alternate views, we ask the reader to keep in mind
that we explored the value of DA relative to skills and abilities that prior research has
identified as important predictors of word-level reading or reading comprehension. These
included alphabetic knowledge represented by measures of rapid letter and sound naming
(e.g., D. Fuchs et al., 2001) and WA; RAN letters and digits (e.g., Compton, 2000);
phonemic awareness represented by elision and sound matching tasks (e.g., Bus &
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ljzendoorn, 1999); oral vocabulary (e.g., Carroll, 1993), listening comprehension (e.g.,
Joshi, Williams, & Wood, 1998); and IQ (e.g., Swanson & Alexander, 1997).

We also included teacher ratings of attentive behavior and hyperactive or impulsive behavior
as a predictor to compete with DA. Although less research has focused on these teacher
ratings, which might be understood as estimates of task-oriented behavior, prior work
provides a basis for their inclusion in prediction models (e.g., Cutting & Scarborough,
2006). These ratings require teachers to make judgments about children’s ability to attend to
detail, sustain attention, listen, follow directions, organize tasks, keep track of things, ignore
extraneous stimuli, remember daily activities, and stay in place. They are based on direct
classroom observations and seem better connected to learning to read in classroom settings
than in one-to-one testing situations like DA, where the tester can better control inattentive,
hyperactive, and impulsive behavior. The teacher ratings of task-oriented behavior, therefore,
represent worthy competitors to DA in capturing variance in response to general education
reading instruction.

This is not to say we are satisfied with our DA measure. It behaves too much like some of
the traditional tests of which we have been critical. That is, it seems to have a floor effect
with few low-performing children in our sample demonstrating they learned the CVC(C)ing
skill. Two possible solutions come to mind. The first is to substitute a less difficult task for
the CVC(C)ing task. A second would be to keep the CVC(C) ing task but to give children
more helpful guidance—more explicit information—earlier in the sequence of graduated
prompts. However, by extending the DA measure in this way we would be increasing its
length and administration time—already at 20 to 30 min. Thus, strengthening the all-around
utility of the DA—adding efficiency—requires ongoing attention to various (and sometimes
competing) psychometric and practical considerations.
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Distributional Characteristics of the Manifest Variables in the Factor Analysis

Table 1

Measures M SD Skew Kurtosis
Rapid letter naming@ 440 159 003  -.026
Rapid sound naming? 30.3 119 .000 -.014
Rapid automatized naming—Letters? 9.7 31 .005 -.025
Rapid automatized naming—Numbers? 95 28 002 -.013
Elision? 101 29 -.009 -.028
Sound matchingb 9.9 23 -.029 .102
Oral vocabulary® 96.8 14.2 .000 -.019
Dynamic assessment? 9.7 36 -.128 -.399
Listening comprehension® 956 165  .005 -.061
Attentive behavior? 374 128 -.009 -.074
Hyperactive or impulsive behavior? 377 131 -.030 -.169
1Q¢ 985 149 .001 -.013
Note: V= 318.

a
Items per second.

bScaIed scores (M =10, SD=

3).

DStandard scores (M =100, SD = 15).

a
Raw scores.
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Factor Loading Patterns, Communalities, Eigenvalues, Percentage Variance, and Factor Correlations for the

Factor Extraction

Measures Factor 1 Factor 2 Factor 3 Communality (h?)
Oral vocabulary .809 597
1Q 798 .586
Listening comprehension .699 465
Elision .697 .613
Dynamic assessment —-.554 .520
Sound matching .509 .549
Rapid automatized naming—Numbers .893 .694
Rapid automatized naming—Letters .836 .692
Rapid letter naming -.633 .502
Rapid sound naming -.532 .392
Attentive behavior .909 867
Hyperactive or impulsive behavior .805 740
Eigenvalue 5.61 1.49 1.16
Percentage variance 43.49 9.27 7.38
Correlations
Factor 1 —
Factor 2 -.54 —
Factor 3 -.49 .38 —

Note: A/=318.
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Table 4

Correlations Among Fall Predictor Measures and Spring Reading Measures

Fall Predictors WID SWE PC
Letter Naming .59 .62 .53
Sound Naming .46 A7 43
Rapid automatized naming—Letters -62 -64 -54
Rapid automatized naming—Digits -55 -61 -.48
Elision .67 .59 .68
Sound matching .65 .60 .61
Oral vocabulary .53 48 .60
Dynamic assessment =72 -61 -.65
Listening comprehension 45 .39 .55
Word attack .81 74 72
Attention .61 .58 .61
Hyperactivity .37 .35 .39
1Q .57 .53 .66

Note: /= 318. WID = word identification; SWE = sight word efficiency; PC = passage comprehension.

J Learn Disabil. Author manuscript; available in PMC 2016 May 12.

Page 16



Page 17

Fuchs et al.

‘uoisuayaidwod abessed = Dd ‘Aouaione pJom JyBIs = JANS ‘UOHEIIIUSPI PIOM = I JUSIDIS0D UOIRSLI0D SSe|denul = DD '8TE =N 910N

voT ¢80’ ¥'9ee €0€  8¢¢ Od
980° 10T v'ee §¢ 7€ AMS
190° 9T €¢6T 9Vl ToE dim

SSe|0-001  [00YdS-OD1  [enplAlpu]  sSe|Q [0S Sednses N

STellS] souel A

SaW02INO Buipeay apels) 15114 8yl J0) SUOIR|AII0D SSBJORIIU| pue Salew ST aouelie

G 9lqeL

Author Manuscript Author Manuscript Author Manuscript Author Manuscript

J Learn Disabil. Author manuscript; available in PMC 2016 May 12.



Page 18

Fuchs et al.

Author Manuscript

(%) 24 opnasd

100 200 00 .80 goo 200 oI
100 200 900 200 %00 100 AnAnoesadAn
200 €00 00  ¥T0 900 xS0 uonuany
200 #xx0T0 600  xx 190 900 250 Yoene pJopn
v00  «600  ero  9r0- €10 200- dwod Buuaisi
900 #8107 $20 €00~  BT0 wxx?90- va
900 70 8T0  S00  6T0 €00 Arejngeaon [e10
v00 200 €10 920  2T0  «%¢0 BuIyOYEW pUnoS
S00  0T0  8T0  S00  ¥IO 120 uoisi|3
100 100~ ¥00 xx¢'0" 00  €00- suBIg—Huiweu paziewoine pidey
100 €00 00 k€70 $00  .xx €0~ sioma1—buiweu paziewoine pidey
100 100~ S00 £00- ¥00 00— Busweu punos
100 %800 400  .xx020  p00 €10 Burwreu Jana
8T0 wrx 394 090 4rn€®07  8Y0  nnBTCY 1daguayy
Z 18P0
T8 o 9'G va anbiun
¥4 6.1 981 WM anbiun
T8 S8y 9'€9 va + VM
(%) 2/ opnasd
100 wnx EVO- e ll0= QIO 4en6TT- vd
200 »px8C0 wrr 1T GO0 wrn960 OEIIE PIOMA
V20 e 9947 w8907 por0 L, STV 1dsasa1u]
T 19POIN
IS WD IS W0D IS 480D siopIpa.d |fed
od INS am

SOWI001INQ bulpeay bullds

S3WI02INO 8peIS) 1114 S[9POIAl 1d82I8IU] WOPUERY [9A9T]-831U L Y} JO) SeIeWINST L/ 0PNasd pue S198)43 pexiq

9 9|qeL

Author Manuscript

Author Manuscript

Author Manuscript

J Learn Disabil. Author manuscript; available in PMC 2016 May 12.



Page 19

Fuchs et al.

100 >d

FHK
‘10 >d
*¥

‘G0 >d
.

‘uoisuayaidwiod = dwod ‘yoene

PIOM = WA JUBLLSSBSSE JIWRUADP = W ‘JUsI91309 = "Ja0) ‘uoisuayaidwod abessed = Dd ‘Adusioiya piom 1ybIs = JANS ‘UOITRIIUSPI PIOM = QAN "SBI03S MEJ UO Paseq ale S|apowl ||V '8TE =N 810N

Author Manuscript

0T ¥'0 €¢
6°29 €189 EvL

va anbiun
si0p1paid 11V

ES) 1900 ES) 1900 ES) 3900

Od ENS aim

Saw0dINQ buipesy buiids

SJopipe.d |fed

Author Manuscript Author Manuscript

Author Manuscript

J Learn Disabil. Author manuscript; available in PMC 2016 May 12.



	Abstract
	RTI: Instruction as Test
	A More Efficient RTI?
	DA and traditional tests
	Purpose of this article

	Method
	Participants
	Students
	Examiners

	Procedure
	Measures Used to Initially Select Participants
	Prediction Battery
	Alphabetic knowledge, RAN, and phonemic awareness
	Language-related measures
	Attentive behavior and hyperactivity or impulsivity
	Dynamic assessment

	Outcome Battery
	Word identification
	Reading comprehension


	Results
	Construct Validity
	Predictive Validity

	Discussion
	References
	Table 1
	Table 2
	Table 3
	Table 4
	Table 5
	Table 6

