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ABSTRACT
Recent advances in the understanding of the relations between cognitivesadmlit academic
skills have helped shape a better understanding of which cognitive processes enbg und
different types of SLD (Flanagan, Fiorello, & Ortiz, 2010). Similaritied differences in
cognitive—achievement relations for children with and without SLDs have notdx¢ensively
studied. This study examined whether cognitive—achievement relationsndee among
groups of children with SLD in reading € 181), mathrf{ = 231), and writingr{ = 149), when
compared to children without SLID € 300) using the Woodcock-Johnson — Third Edition (WJ-
[II; Woodcock, McGrew, & Mather, 2007). Multi-group structural equation modeling/A)Skas
used to examine cognitive—achievement relations. A three-stratum modeghitivemabilities
based on Cattell-Horn-Carroll (CHC) theory was used in the analysisit&fkeisowed that the
factor structure and factor loadings of the CHC model were invariant agnougs, and SLD
group membership moderated the magnitude of several cognitive—achieveusmse(a)
Knowledge (KO), Short-term Memory (Gsm), and Quantitative Reasoninylef@ important
predictors of Basic Reading Skills (BRS) across all groups, but Percepted §S) was also
an important predictor of BRS for individuals with SLD in reading; (b) KO and RQ were
important predictors of Reading Comprehension (RC) for all groups, but RQ had a stronger
relation to RC for individuals with SLD in reading; (c) PS, and Gsm were importahtions
for Math Calculation Skills (MCS) in all groups, and RQ predicted MCS for all grougepe
those with SLD in math; (d) RQ and KO predicted Applied Math (AM) for all groups, but
visualization (VZ) was also an important predictor of AM for individuals with $t.Bhath and
SLD in writing; and (e) Gc, RQ, VZ, Memory Span (MS), and Rapid Naming (R w

important predictors of written expression, and the only difference betweepsgvas those



with SLD in math relied slightly more on Gc. Results suggest that individugdsSkD in
specific academic areas may rely on some different cognitive ebiiti a way to compensate for

deficits in academic skills.
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Chapter I: Introduction

For many years, researchers and practitioners have tried to understaathitbef
learning disabilities (Fletcher, Lyon, Fuchs, & Barnes, 2007; Gregg, 2009). tioaddibeing
difficult to define, individuals with specific learning disabilities (SLD)keaup a heterogeneous
group (Fletcher et al., 2007) and the identification process for SLD continueancabea of
controversy (e.g., Bradley, Danielson, & Hallahan, 2002). The idea that smaghitive
processing deficits may underlie SLD has been an explanatory hypotheSifaletermination
throughout its history (Lyon, Fletcher, & Barnes, 2003). Some researchensebamdy begun to
refocus their energy on understanding the underlying cognitive processes \afyiefff@éct an
individual’s ability to learn through the use of systematic identification teduesed on current
advances in the understanding of human cognitive abilities (e.g., Fiorello, H8leyder, 2006;
Flanagan, Fiorello, & Ortiz, 2010; Flanagan, Ortiz, Alfonso, & Dynda, 2006). The assg¢sgme
cognitive abilities has been a pervasive practice for SLD idenidicaand with a greater
emphasis on the assessment of cognitive processes it is important to have astretigdl and
empirical foundation from which decisions about educational services must belmadzr to
move in this direction, work needs to be done to better understand the relations between
cognitive abilities and academic achievement in children and adolescentsavitlitlaout SLD.
Cognitive Abilities and Academic Achievement

Theory and research in the area of cognitive abilities has changed drdyniatittee past
20 years, especially with the advent of Cattell-Horn-Carroll (CH®rthéVicGrew, 2005,
2009). CHC theory has provided a strong theoretical and empirical foundation to the
understanding of cognitive abilities, which has guided both research (KeitlyigoRle, 2010)

and practice (Alfonso, Flanagan, & Radwan, 2005). CHC theory represents the @ragtom



of several important areas in cognitive ability research, including Speartwma factor theory
(Spearman, 1904), Thurstone’s primary mental abilities (Thurstone, 1938), and Horn and
Cattell's Gf-Gc theory (Horn & Cattell, 1966). This theory has provided a stoumglétion for
the development and revision of many tests, including the Woodcock-Johnson—Third Edition
(WJ-III, Woodcock, McGrew, & Mather, 2001, 2007). Moreover, CHC theory provides a
taxonomic structure which allows for the empirically-supported classdicaf cognitive ability
tests.

Advances in cognitive ability theory and assessment, have helped shape a bette
understanding of which cognitive processes are related to academic skillstae laa
important research question in educational and school psychology. Researchersimavedex
how different cognitive abilities are related to reading (Elliot, Halerelto, Dorvil, &
Moldovan, 2010; Floyd, Taub, Keith, & McGrew, 2007), mathematics (Proctor, in presgrProct
Floyd, & Shaver, 2005; Taub, Floyd, Keith, & McGrew, 2008) and writing (Floyd, MeG&e
Evans, 2008). Some of this research has been summarized by McGrew and Wendling (2010),
who suggest that a better understanding of these cognitive—achievement retatibas c
important for understanding SLD. Much of this research has focused on how codgpiliiiesa
are related to achievement in normally developing populations, but few have examsaed the
relations for individuals with learning disabilities (although see Elliot.e2800; Proctor, in
press; Swanson & Alexander, 1997).

Examining cognitive—achievement relations in populations of individuals with SLD is
important for several reasons. First, children with SLD make up the largest grchifglcen in
special education in the United States (U.S. Department of Education, 2010), makimgasthe

pervasive disability in schools. Children with SLDs make up over 5% of the total school



population, which is nearly half of the students in special education. With the largemofmb
students with SLD, it is essential to know whether or not the measurement ergiswrsed for
identification purposes are adequately measuring these constructs in both grchijasext with
and without SLD. Second, while understanding how cognitive skills are relatedianaca
skills in normally developing children and adolescents is helpful for understahding t
underlying processes of academic achievement, it is possible that idiegrdigos of children
with SLD rely on different processes. If a person has a deficit in one cogmitigess which is
related to achievement for normally developing individuals, it is possibla thetson with a
SLD is using a different process to compensate for that deficit. Thus, & 8teDgoing to be
adequately understood as a deficit in a psychological process, it is importaritity iwhich
processes explain performance on specific academic skills in genexal] as which processes
might be important for specific academic skills in children with SLDsTiffiormation may also
be important in the planning and designing instructional interventions for childteisiam. For
instance, if children with SLD in writing tend to rely more on visual skills thaldren without
SLDs, including a visual component in an intervention may be an important consideration
help improve writing skills for children with SLD since it is predictive otéeperformance
among children with SLD. Knowing whether or not particular cognitive procesag®de related
to performance for children in these groups may be useful in the treatment cA&difonally,
clarification of measurement properties is necessary for moiereasarch that focuses on the
cognitive and neuropsychological underpinnings of SLD.
Factorial Invariance and Structural Equation Modeling

To examine the relations between cognitive abilities and academiveaciaet for

children with and without SLD, it is also necessary to examine whetheortis&acts being



measured are the same between groups. Modern methods of statisticas aesiecially the
use of confirmatory factor analysis (CFA) and structural equation mgd@iBM) comprise
some of the best methods available for examining the measurement propertiehologscal
and educational measures. One important analytic method which has been developed in this
tradition is testing fomeasurement invariancevhich refers to the requirement that an
instrument designed to measure a particular psychological or educatioablevarteasures the
variable in the same manner across groups (Meredith, 1993; Millsap, 2011). In oftth&rthver
measurement instrument should not be affected by extraneous variables, graonely
membership, and by showing that measurement parameters are nearly egairatengroups
provides evidence that the measurement instrument is measuring the sanuetcacrstss
groups.

In psychology and education, much of research is baskdemtconstructs which are
variables of interest to researchers and practitioners, but they cannotduzadehrectly (Keith,
2006; Osterlind, 2010). Rather, these constructs are measured indirectly thuauighyaof
methods, which could include questionnaires or behavioral observation. Cognitive armdiacade
skills are commonly measured through the use of tests. The assumptionhedbat t
measurement devices are measuring the same constructs acrosstdjfieups of people. This
assumption may be tested within a factor model, where the different model pasafes.,
factor loadings, intercepts, residual variances) are tested fortgqumabng groups. If the model
parameters are similar, then the construct (or, latent variable in SElg)) teas the same effect
on the measured variables among groups. When this assumption is met, differesmogs a

groups can be attributed to differences the latent construct.



For example, if two people from two groups have the same level of a lataatilegsuch
as depression, anxiety, or mathematics ability), then the two individuals should obtamthe
score on an instrument designed to measure the construct (considering mea#senmemelf
one group is systematically higher or lower than another, even though individuals frem thos
groups have the same amount of the construct, then the score is dependent on another factor,
which might be group membership. Group membership alone should not affect someone’s score,
and if group membership does, the score difference suggests a possible bias in themastsur
conditions. For the current study, in order to adequately determine if themshapis among
cognitive and academic skills are similar or different between childrénand without SLD, it
is important to show that the cognitive abilities are essentially beiagured in the same
manner across groups of children who are developing normally, and those who have been
diagnosed with SLD. The focus of the current study will be on the structurtadmelaf
cognitive abilities to achievement skills, therefore it will be importanthe latent factor
variances and covariances to be identified in a way that does not depend on groupsmpmbe
If different groups require an alternative scaling of the variables tise structural relations
cannot be meaningfully compared. That is, corresponding relations betweeterthéaletors and
observed scores (factor loadings) should be invariant across groups in order thanake t
comparisons of structural relations across groups.

Much of the work on measurement invariance has examined differences betwleen wel
defined groups, such as gender, ethnicity, cultural status, or age (Chen, Keith,ANe, & Li,
2010; Keith, Reynolds, Patel, & Ridley, 2008; Taub & McGrew, 2004). Fewer studies have
examined factorial invariance for individuals with SLD (although see Bowidain 2008).

Examining factorial invariance and cognitive—achievement relations in gofugbsidren with



and without SLDs may shed some light on children with SLDs use cognitive proedeses
engaging in academic tasks, but factorial invariance must be established betfiore s
comparisons are considered valid.

Purpose of Current Study

This study is designed to answer two major questions. First, the equality nohnoea
structure of a major test of cognitive abilities, the Woodcock-Johnson—Thindre@ivJ-Ill;
Woodcock et al., 2001, 2007), will be evaluated between children with and without SLD. This
research is important because it will provide a basis for construct validitg abgnitive and
academic skills measured by the WJ-11I for children with SLD, whichaesiecessary first step
to make comparisons between cognitive skills and academic achievemamiditnum, it is
necessary to show that the factor structure and loadings from the latenteganialsiubtests are
similar between groups of children with and without SLD. Showing that the ftetmtures and
loadings are similar between groups of children with and without SLD will proviidesia for
the cognitive-achievement relations comparisons which will be made in thedsgart of the
study.

The second purpose of this study is to examine whether the structuiahsekatween
different cognitive abilities and academic skills are the same betweepsgof children with
different types of SLD and a group of normally developing children. In other wordbgeare t
relations between cognitive and academic skills the same for children whDuas they are
for children with SLD, or, do children with SLD rely on the same cognitive progé¢sse
complete academic tasks as children without SLD? This research questigoortant because it
will provide a better understanding of which cognitive skills are used byrehiwith SLD,

which is relevant with the important advances in theory and research in the diadi&idixthat



has occurred in the past 10 years (Flanagan et al. 2010). This study is focusing/drlithe
because it is one of the most flexible instruments available to practitianerg,is a
theoretically and empirically driven test of cognitive abilities (Woodcaek.e2001, 2007). The
complete battery of cognitive and achievement tests offer over 50 possil@stsutitich
measure a large number of narrow and broad cognitive and academic skillesThattery was
designed based on Cattell-Horn-Carroll (CHC) theory, which is one of the mibsumgorted
and empirically driven theories of intelligence (Carroll, 1993; Keith & Reynolds, 20¢Gy&fv,
2005).
Summary

An improved understanding of the structural relations between cognitiviseataind
academic skills in groups of children with SLD is important to better understandghgive
processes used by children with SLD. Such research is important from both thearetic
applied perspectives, thus findings will inform basic research related toesgLDdo children
with and without SLDs use the same cognitive abilities in reading compreheasd should
help inform practitioners for SLD identification (e.g., are there spewiignitive—achievement
relations which are only present in SLD groups). Additionally, understanding tesureenent
properties, specifically that the constructs are measured in the same,roétimese tests with
different groups individuals is also important. This study will examine whetheeldteons
between broad and narrow cognitive abilities assessed by the WJ-lll lshearne relations to
academic skills, and whether the cognitive abilities and achievem#stoskthe WJ-III are

measured in the same manner between children with and without SLD.



Chapter Il: Review of the Literature

The purpose of this chapter is to provide a comprehensive review of the literature
relevant to this study. The topics included in this review include (a) definipioexgalence rates,
and identification procedures for children with specific learning disasl{tsLD), (b) a history
of intelligence theory leading up to current understanding and practice, (c) an wveir e
Cattell-Horn-Carroll theory (CHC theory, McGrew, 2005, 2009) of intelligerhea ¢(eview of
cognitive—achievement relations from a CHC perspective, (e) an overviéa obinmon
factor model and confirmatory factor analysis, (f) a review of the prexighd practice of
testing for measurement invariance, and (g) an overview of the current study.
Defining SLD

The history of understanding SLD comes from a variety of areas, includiggresdical
practice, educational and clinical psychology, as well as social advocatgh@tlet al., 2007;
Hallahan & Mercer, 2002). The roots of SLD can be traced to early medacaicg; where
some research supported the idea that specific areas of the brain were infiposiaatific
cognitive and behavioral functions. In the middle of th& d@ntury, both Broca and Wernicke
discovered that particular areas of the brain were responsible for spauifiabe functioning
(Hallahan & Mercer, 2002), and different areas of the brain and specific gandifculties
(Broca’s aphasia, Wernicke's aphasia) continue to be named after thegdusdi Researchers
in the early 28 century provided important advances in both identifying that learning difficulties
can be categorized by different content areas (e.g., Samuel OrtohegFkttal., 2007) and that
there did not appear to be any directly visible or outward signs of brain damage idualdivi

with learning difficulties (Strauss & Werner, 1943). These researalsrsound that individuals



with difficulties in specific learning domains showed strengths and wesds@sother cognitive
domains and that they appeared to have difficulties despite normal intdl&Eglisa

Historically, Samuel Kirk was also instrumental in providing a modern definitiohDf S
one which continues to influence the definition used in current laws and organizateink€FI
et al., 2007; Hallahan & Mercer, 2002). The consensus building in the field was based on the
idea that SLDs occur in children who have learning characteristics atadfferent from
normally developing children. These differences in learning were bialogicature and
produced specific academic difficulties despite strengths in other a@gargas. Moreover,
children with these characteristics required some type of specialtiedutceachieve (Fletcher et
al., 2007). Currently, the definition of learning disabilities according to Indilsduigh
Disabilities Education Improvement Act of 2004 (IDEIA) is:

The term ‘specific learning disability’ means a disorder in one of more of the

basic psychological processes involved in understanding or in using language,

spoken or written, that may manifest itself in the imperfect ability tanlistenk,

speak, read, write, spell, or to do mathematical calculations. Such term includes

such condition such as perceptual disabilities, brain injury, minimal brain

dysfunction, dyslexia, and developmental aphasia. Such term does not include a

learning problem that is primarily the result of visual, hearing, or motor

disabilities, of mental retardation, of emotional disturbance, or of environmental,

cultural, or economic disadvantage.

This definition is important to the understanding what constitutes a SLD. As the
definition explicitly states, SLD should evidence “a disorder in one or more of tize bas

psychological processes” which affects the individual’s ability to learnthasdisorder should



not occur because of other factors, including intellectual disability, econeasons, or sensory
issues. The National Joint Committee on Learning Disabilities (NJCtdY)ged a separate
definition of learning disabilities in 1991:

Learning disabilities is a general term that refers to a heterogegemysof

disorders manifested by significant difficulties in the acquisition and use of

listening, speaking, reading, writing, reasoning, or mathematical abilitiese

disorders are intrinsic to the individual, presumed to be due to central nervous
system dysfunction, and may occur across the life span. Problems in self-
regulatory behaviors, social perception, and social interaction may exXist wit
learning disabilities but do not by themselves constitute a learning digabili

Although learning disabilities may occur concomitantly with other handicapping

conditions (for example, sensory impairment, mental retardation, serious

emotional disturbance), or with extrinsic influences (such as cultural diffese
insufficient or inappropriate instruction), they are not the result of those

conditions or influences (NJCLD, 1991).

This definition is similar to the federal definition provided by IDEA becauseitides
differences in specific skills related to learning and is presumed to beldauaaleficit in the
central nervous system.

The Diagnostic and Statistical Manual for Mental Disorders—Fourth Editi@x—T
Revision (DSM-IV-TR, American Psychiatric Association, 2000) also inclddenostic criteria
for learning disorders. The DSM-IV-TR focuses on reading, mathespatid writing (although
it does include language disorders in another section), and the criteria suggasindavidual

may have a learning disorder if their performance on standardizedstestsstantially lower that
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one would expect based on their age, intellectual skills, and education. Additidma#yntions
that this difficulty must have a significant impact on daily living skills and shoat be caused
primarily by a sensory impairment. This definition is similar to the prewi@figitions in that a
mentions that this must also be causing significant impairment in a perbiitysta be
successful in their environment.

In summary, a child with a SLD is presumed to have a disorder in the central nervous
system which is specific to a psychological process that affects théy ablearn or
demonstrate their learning. This difficulty can be in a variety of domainst aadriot be caused
by either environmental influences (lack of instruction or opportunity) or to otheddrsor
(sensory difficulties, intellectual disabilities). Several sources geowviore extensive historical
information on the definitions and advances in learning disability research andep(gtgtcher
et al., 2007; Hallahan & Mock, 2003; Hallahan & Mercer, 2002).

Prevalence of SLD

Learning disabilities are currently the most common disability ocayeg be served by
special education in the United States. Based on data from 2005, the United Statesddépé
Education (U.S. Department of Education, 2010) indicated that children with learrabgities
make up 5.29% of the school-aged population in the U. S. and outlying areas, whereas all
children with disabilities make up 11.63% of the school-aged population. Numbers vadly grea
by state as well. In Kentucky, only 2.11% of their students are served undetetya gaf
learning disability, and the total student population of Kentucky receivingcesrwias 12.34%.
In contrast, in Rhode Island 7.78% of students were served under the learning disstbijoyy,

and 17.22% of students in Rhode Island were served under special education in 2005. These
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differences likely show diverse identification practices across stateschool districts.
Although there is variation in the identification of SLD across states, obsgaggests that SLD
appears more consistent in terms of identification practices over tinrecghgared to other
disabilities. Hallahan, Keller, Martinez, Byrd, Gelman, and Fan (2007) showed that b&er
year period the identification rates for SLD have been less variable atatesstsan other
disability categories, including Emotional Disturbance, Multiple Disidxlj and even
Intellectual Disability, which is a fairly well-defined disabilitgtegory when considering
psychological identification criteria.

Children with SLD often have comorbid diagnoses. In a study which focused on children
with SLD in reading, Willcutt and Pennington (2000) found that both internalizing and
externalizing difficulties were more prevalent in children with SLD whamgared to children
without SLD. Additionally, there were interactions by gender, witheshatore likely to exhibit
comorbid externalizing problems (e.g., conduct disorder, oppositional defiant djsauoiée
females had higher rates of internalizing problems (e.g., depressiomulés in learning are
also associated with other psychological disorders. Mayes, Calhoun, and Crowell ¢20@0) f
that nearly 70% of a group of children with Attention-Deficit Hyperautifdisorder (ADHD)
also had a comorbid SLD diagnosis. Additionally, they found that children who had a diagnosis
of both ADHD and SLD tended to have more problems with academics than those with only
SLD. Other disorders, such as depression, have also been found to have higher pretedence ra
in groups of children with SLD than would be expected in the population (Wright-Straamalerm
& Watson, 1992). Clearly, SLD does not occur in isolation, but it can also be related & sever
other disorders in children and adolescents.

Identification of Children with SLD
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When considering the U.S. as a whole, 5.29% is a substantial portion of the student
population, which makes the identification and treatment of learning disakalitregor issue in
education. The identification process has undergone much debate in recent peaial]\yewith
regard to the use of cognitive tests or response to intervention (RTI) for ichrdifi purposes.
In fact, one of the major journals in school psychol&sgychology in the Schoglecently
devoted two issues to the topic of cognitive assessment and RTI as methods for SLD
identification (Mather & Kaufman, 2006a, 2006b).

Fletcher et al. (2007) noted that learning disabilities are difficult toifgtdat two major
reasons: SLD is an unobservable construct, and SLD exists on a continuum or dimension.
Regarding the first point, Fletcher et al. (2007) indicated that learningldisalz@re defined
partially by showing a child is not achieving at expected levels, and this sholld catsed by
other physical, medical, or psychological issues which may cause low acatdlnite.g.,
intellectual disability or sensory disability). This definition make®Slifficult to observe
because there are criteria which identify SLD, but other critenehat SLD arenot also need to
be considered. The use of exclusionary criteria is also consistent with ithieaesf provided
above, and this an important component of other identification practices promoted bshersea
(e.g., Flanagan et al., 2010; Flanagan & Mascolo, 2005). Children may struaggenacally
despite the appearance of average to above average intellectual skills, butiresdesbuts
need to be seriously considered first (e.g., intellectual disability, sessomls, economic
opportunity) in order to correctly identify an individual with a SLD. However, even thdegh t
may be specific definitions for SLD, these are not always followed and sweleof
misclassification does occur. For instance, Payette and Clarizio (1994) founkiltir@incwho

were older, from a Caucasian background, and had overall higher acadelswwesidlless
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likely to be identified even though a large discrepancy existed betweendheenaic and
cognitive skills, while being female and having lower overall academic skate children
more likely to be identified even though a large discrepancy did not exist.

The second point by Fletcher et al. (2007), which states that SLD are dimensional and not
categorical, is also important to consider. However, this quality is importanofir m
psychological disorders. People’s symptoms do not always fit neatly into thetiole$ used for
various disabilities. Rather people exhibit symptoms of psychological disade continuum,
and even the concept of what constitutes a disorder is unclear, even to profeésignals
Wakefield, 1992). The dimensional nature of disabilities is a major issue to cansider
psychological research, although strict diagnostic criteria are naysliwllowed in research,
and the use of a single criterion is commonly used in research on SLDs (eeg,[sdow the
20" percentile, Fletcher et al., 2007).

Because SLD can exist on a dimension, it is important to acknowledge thaesssmg
does not define this heterogeneous group, but rather it is a difficulty in leagtatedrto a
specific achievement area. Several methods were designed to eludidael\® look like on
cognitive and academic achievement tests, including the use of simple disgrepare
procedures and profile analysis. However, many of these methods werelgemeediable in
discriminating between children with and without learning disabilities @ifeb, Scanlon, &
Lyon, 2000; Watkins, Glutting, & Youngstrom, 2005). The identification of children with
learning disabilities has been problematic in the field of school psychologyeagcisof the
methods, criticisms, and future directions will be summarized below.

Cognitive ability tests have gone through a range of interpretive phasaghk initial

investigation of global scores, to subtest profile analyses, to a more mogehnomstric
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approach which has integrated theory and research (Kamphaus, Winsor, Rowe, & Kim, 2005)
For SLD, the use of subtest profile analysis has been a commonly used method used by
practitioners (Watkins et al., 2005). For instance, one method of profile anaists examine
the “scatter” of subtest scores, where it was thought that a substantial amouiaholityan
subtest scores would indicate the presence of an underlying psychologicakprgckficit.
Watkins (2005) showed that different types of subtest scatter (e.g., rangecganumber of
subtests which are greater than three points difference from compositevga@ @pt able to
reliably discriminate between children with and without SLD. A second methodfdépro
analysis which was also used was based on specific patterns of scores\duiexsts. One
profile in particular, the ACID profile, was used with the Wechsleillgence Scale for
Children — Third Edition (WISC-III, Wechsler, 1991). This profile was defireed ahild having
lower scores on Arithmetic, Coding, Information, and Digit Span subtests.rBeseeathis
profile has not shown accurate discrimination between groups of children with and V@Li»ut
either (Kavale & Forness, 1984; Watkins, Kush, & Glutting, 1997).

The aptitude-achievement discrepancy model is another method which has been used to
guantify unexpected underachievement. This model is based on the idea that dlclal8MD
will have academic achievement scores substantially below their scoresooapQtude tests.
Historically, several methods were used to quantify this discrepancy, fromediiffprences
between scores to regression based methods designed to correct for differkatitormre
between tests as well as measurement error (Kavale, 2002). This metkesl sense with the
definition of SLD, where a child who appears to have adequate cognitive skillsaishm@ting
as expected, making the discrepancy between cognitive and academicshsitsbde method

for identifying these children. One issue with this definition of discrepanihat it does not
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account for the part of the SLD definition which states that a person should haietandef
psychological process. If a deficit in a psychological process existshignutacess is measured
by the test and used in the overall score, then this psychological deficit woeldtt@overall
score of the 1Q test. Thus, making full scale IQ—achievement comparisgnsanbe the most
appropriate method for discrepancy models. Based on such difficulties, 1Qaubigtv
discrepancy methods have come under scrutiny and several studies show thb Hsim
achievement discrepancy does not appear to be adequate for identification piletcesr (et
al., 1994; Stanovich & Siegel, 1994; Vellutino et al. 2000).

One of the most important changes in recent years has been the inclusion of fEsponse
intervention (RTI) models in the schools (Brown-Chidsey & Steege, 2010). This rmodel i
important to the evaluation process because it allows practitioners to rule passiality that
a lack of instruction may be the cause of academic difficulties. RTI has becomg@ortant
component of the identification process in some models (Flanagan et al., 2010; rrktralga
2006). However, several difficulties arise when RTI is used as the sdiedrfet identification,
including the reliability and validity of scores used for progress monitoriate(Haufman,
Naglieri, & Kavale, 2006) and the difficulty with discriminating betweenvitilials who are
SLD, low achieving, or may have mild intellectual disabilities (Wodrich, SgredcDaley,
2006). The issue of differentiating between those who are low-achieving and those who have
SLD is important because research has suggested that setting a lowraehteugerion as a
definition of SLD actually overidentifies students from disadvantaged bawhkds because it
does not control for differences cognitive abilities (McDermott, Goldbergkiéga Stanley, &
Glutting, 2006). The low achievement criterion is problematic because it doeteqobtely

consider the definition for SLD, which specifies that there should be a deficit iclagbsyical
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process. On the other hand, the RTI process provides an important step in theatentific
process because it not only shows that the individual is performing below their paisrs, i
demonstrates that their difficulties in an academic area is not carrgittemore intensive
instruction.

There has been some extensive debate on the usefulness of both cognitiveeagsessm
RTI, and how they should be used in the identification of SLD. Reschly (2005) provides an
overview of the problems with the use of cognitive assessment in the ideiotifichELDs for
both aptitude-achievement discrepancy and intraindividual differences (etern ditstrengths
and weaknesses) approaches. He suggests that the use of an RTI procgss ateamsethod
which can be (and currently is) used as a method for identifying childrenearthing
difficulties. Hale et al. (2006) explain that the basic principles of RS valued in terms of the
delivery of services in the schools (e.g., focus on need for all children, contirngedgsr
monitoring, single-subject experimental designs, individualized intervention) anajioach
is a positive step in the direction of preventing academic difficulties. On thehathey
implementing an RTI approach also introduces many problems. For measuremesiiability
and validity of curriculum-based measurement scores are needed fotaptacrament of
students in a tiered system like RTI, and for identification, determining canatitutes
nonresponse to an intervention is also important to consider. Reynolds and Shaywitz €009) al
discuss many of these issues, and suggest that RTI is a good preventative model, but not
adequate for diagnostic decision making. The major problem with this approacheais BBt
process is a service delivery model based on educational need and is ndiyduaiseat on a
strong measurement model designed to differentiate children with and withbstt@ked on

current definitions (e.g., deficit in a specific psychological proc&sth collected during the
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RTI process can provide direct evidence of learning difficulties (i.e.inced difficulty despite
increasingly intensive and individualized interventions), but this does not idenléfycat in a
specific psychological process. RTI may be a good policy for providing ssrwicschools to
children who require extra help in academic domains, but it may not be a suffiweass for
identifying a child with a learning disability because there is no ideatiéin of a deficit in a
psychological process, which is necessary based on the definitions of SLD dimuseTof RTI
may be useful in showing that a child has more difficulty learning than, gegrthis difficulty
could be due to a host of different problems unrelated to SLD.

Some researchers suggest that the use of RTI and cognitive testing should be used in
conjunction with one another in order to best understand the child (Fiorello et al., 206G dH
et al., 2006; Hale et al., 2006; Wodrich et al., 2006). The use of RTI allows practitoners
determine if either lack of instruction has been the cause of academic tifficBklanagan and
colleagues (Flanagan et al., 2010; Flanagan et al., 2006) have promoted the develngsat
of a new model of SLD diagnosis based on an operational definition of SLD which includes an
examination of academic and cognitive abilities, recurring examinatiorchfstoonary factors
(e.g., intellectual disability, second language acquisition, economuvdistage), and an
analysis of strengths and weaknesses (Fiorello et al., 2006). The chilchowst sormative
academic deficit, generally average cognitive functioning, and theudiiés must not be able to
be better explained by the exclusionary factors. An important component \githdhbel is the
identification of a deficit in one of the psychological processes which is inmpdeta.,
empirically related) to the academic domain in which the discrepancygusrimg. Rather than
looking only for a discrepancy between 1Q and achievement, this model is moredoatalilis

designed to pinpoint the cognitive abilities which may be causing the diffioudtghievement.
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This model provides a series of logical steps in which different criterialmeuset in order to
best understand if a child has a SLD. But, as with all models, this method is notdikely
infallible. It is one proposed model, and there may be difficulties with thisadstet to be
identified. More research will be needed to provide evidence that this method doesedglequa
discriminate between children with and without SLD, but this does provide a structure for
identification which is based on both theory and research.
Summary

Children with SLD comprise the largest group of children with disabilities in puldlic
schools, making the understanding of SLD very important to school practitioners aiadl spe
education. Historically, SLD definitions suggest that a SLD is an unexpeffiedltyi in an area
of academic achievement which is caused by a deficit in a psychologicasgrbiéerent
models of identification have been proposed and tested, and controversy continues on models
used for SLD identification. Overall, the joint use of RTI (to help rule out lack atiztgin) and
cognitive and academic testing (to identify academic and cognitive defiai strengths) are
becoming more important as part of the identification process. The use of codmittydests
continues to be important to SLD identification, so a better understanding of theuremaant
properties and how individuals with SLD perform on cognitive tests is important.
History of Intelligence Theory

The definitions of SLD provided above suggest that a deficit in a psychologicalgproces
should exist which causes the difficulty in a specific academic area.t@egbility tests
measure a variety of psychological constructs which may be important tad8hfification, and
current theories of cognitive abilities can assist in the understanding tiopsgical processes

which may affect learning. A background on the history of how modern intelégests have
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been constructed is relevant to the current study, especially the thé@e@maces which have
affected the development of the WJ-11l (Woodcock et al. 2001, 2007), the test being used in the
current analysis.

Although important events occurred in the development of intelligence tests foomh
perspective (Ciancilo & Sternberg, 2004; Wasserman & Tulskey, 2005), thepfooas of the
current review is to examine the psychometric history of intelligent® fEss section provides
an overview of the development of psychometric models of intelligence and howatheey h
influenced both the use of intelligence tests and the understanding of the strubtureanf
cognitive abilities.

Spearman and the Two-Factor Theory of Intelligence

Undoubtedly, Spearman’s work in the development of factor analysis (Spearman, 1904)
is the most important event in the psychometric history of intelligence tesengptited that
cognitive ability tests tend to be positively correlated, and posited thateagehility factor
affects performance on all tests. Additionally, because test scoresatgrerfectly correlated,
then specific processes must also affect test scores. His theoogseason these two
independent factors, a general facgrwhich affects performance on all tests, and specific
factors §) which were unique to each test. He developed a method of factor analysis which
extracted a general, or common, factor out of a correlation matrix ofestiffeest scores. This
common factor wag, while any variation left after the general factor was extdaetes the
variance specific to the test or measurement error (Jensen, 1998). The a@varddéactor
analysis was important because it provided an analytic approach in whiatchess could
better understand how cognitive ability tests were related to each otW¥as&srman and

Tulskey (2005) note, the idea of partitioning variation in test scores is stltaday, only it has

20



been expanded to include more components. Rather than only examining the general and specific
factors, modern tests are often analyzed in terms of the general fastgehesal group factors
(broad abilities), variation specific to the test itself (not related to thergkor broad factors),
and measurement error.

The idea of a single general factor was challenged soon after Spgarbished his
1904 paper. As Jensen (1998) states, Cyril Burt had reservations about the siaglefgetor
and had noticed that, while test scores correlate, tests which seem to meatarmresgs tend
to have larger correlations with one another than other tests. Once other serseaathbly L.
L. Thurstone, were able to improve factor analysis to include a wideryafigtsts in the
analyses, it was apparent that there appeared to intercorrelateghayateségeneral” factors in
addition to a higher-order general factor. Rather than a single géastaland many specific
factors which accounted for test scores, there appeared to be sevemhidigfésreral factors
which accounted for performance on groups of particular tests. Spearman eyemiteited
the possibility of different group factors as a possibility (Jensen, 1998; MVass& Tulskey,
2005).
Thurstone and Primary Mental Abilities

L. L. Thurstone was another important figure in the development of the psyclwometri
methods to analyze intelligence tests. He was instrumental in the devetagmmeultiple factor
analysis, which was different from Spearman’s method in that it was abledotesaveral
general factors from a correlation matrix (Wasserman & Tu)si@35). In a comprehensive
examination of different cognitive tests, Thurstone (1938) examined the penfiaroBstudents
on 56 different tests and used this new method of multiple factor analysis td gxirge

factors, or groups of tests which tended to load on the same factors. He identdiednsgor
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factors, which were remarkably similar to many of the group, or broad, faetargnized by
researchers today. These factors included spatial visualizationpfuicgpeed, numerical
facility, verbal comprehension, associative memory, word fluency, andneggWasserman &
Tulskey, 2005). Thurstone initially argued against a general factor based amatissa
(Thurstone, 1938), but his method of factor extraction was designed to create faotbre/ere
independent of each other. This method implicitly did not allow a general factor taréeteckt
because each of the group factors was uncorrelated with one another. Keepiomptbe fa
independent of each other, or orthogonal, hid a general factor (Jensen, 1998). Thurstone’s
method of multiple factor analysis also allows factors to be correlated (obdt@ti@n), and if
substantial correlations exist among the factors, a general fantoftea be extracted as well
(Carroll, 1993; Jensen, 1998). The ideas of Spearman and Thurstone are essentiestothe
the history of psychometrics and intelligence. Their work brought forth analgticoals as well
as a theoretical structure of tests for future researchers to use &sd@ bksifying the factors
which emerged through analyses.
Horn and Cattell's Gf-Gc Theory

Another major figure in the development of psychometric and intelligence theory was
Raymond B. Cattell, who developed the idea of two different general factors [(Q24&).
These factors were crystallized intelligence (Gc) and fluid ineglkg (Gf), where Gc was
primarily measured by tests based on what has been learned from culture and sciubli3fy
was reasoning ability which was independent of cultural learning. Castelhgpothesized that
differences in Gf also drove differences in Gc, and this investment of Gf inv@atgroduces
the correlation between these two factors, from which a general factagesm€attell (1943)

thought that fluid intelligence was basically general intelligence, an ideznwbntinues to be
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debated today, since Gf is usually highly or perfectly correlatedgai@arroll, 1993;
Gustafsson, 1984; Kan, Keivit, Dolan, van der Maas, in press).

Collaborating with his student John Horn, Cattell’s theory became known as the Gf-G
theory, and was subsequently extended to include several different broadtudk#dbdities
(Horn & Cattell, 1966). Abilities most recently outlined by the Gf-Gc théachude
visualization (Gv), abilities in listening and hearing (Ga), cultural knovd€@g), reasoning
abilities in novel situations (Gf), short-term apprehension and retrieval)(3#ig-term storage
and retrieval (TSR), speed of thinking abilities (Gs), and quantitative mdibahadilities (Gq;
Horn & Blankson, 2005). Horn and Blankson (2005) do not subscribe to the idgastheumes
the broad abilities in Gf-Gc theory. They believe that these abilities ettsr bbe described
developmentally, or how they change over time. Specifically, they categailities which are
vulnerable to decline with age (Gf, SAR, and Gs), those that do not decline with age (Gc and
TSR), and sensory related abilities (Gv and Ga).
Other Influential Theories

Vernon (1950) also contributed an interesting model of intelligence. This moslel wa
hierarchical with narrow skills at the bottom (called specific factorsjpngroup factors which
subsumed the specific factors, two major factors in the middle, and a gentenrahfdbe top.
The difference between this model and Gf-Gc is that Vernon categorize@jiregnoup factors
as Verbal:Educational/(ed and Spatial, Practical, and Mechanical abilitlkes]. Thev:ed
factor is similar to Gc, or abilities which are culture specific, landare more similar to fluid
abilities, or Gf, which depend less on culture. Although this theory did not have widespread
impact, it has regained some recent support through research by Johnson and Bouchard (2005a,

2005b), where a reanalysis of several large datasets provide some evidenceVerlibk
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Perceptual-Image Rotation (VPR) model of intelligence, which was intaklng Vernon’s
model.

With the empirical evidence mounting that cognitive skills appear to be grouped into
broad ability factors which form a hierarchical structure, further reseslhowed that a general
factor could be included creating a hierarchical structure of cognitilieeghiln an early
examination of the hierarchical structure of intelligence, Gustafsson (198#jreed this
possibility, and he found evidence that a set of tests included not only the broad aldity é&
verbal, visual, and reasoning. He also found that the reasoning factor was ahfeasitype
correlated with the general factor, so he argued that the Gf factoergiagg. Carroll's (1993)
extensive work helped show that this structure is, in fact, supported by many oidilee sh
cognitive abilities previously carried out by researchers.

Cattell-Horn-Carroll Theory

A more extensive background of Cattell-Horn-Carroll (CHC) theory (1afr993, 2005;
Keith & Reynolds, 2010; McGrew, 2005, 2009) is provided here because it has become an
important taxonomy of cognitive abilities in recent years. AdditionallyCGkeory has also
been influential in the examination of cognitive—achievement relations (Flogt, 2007;
McGrew & Wendling, 2010; Taub et al., 2008), which ultimately has also influeheed t
understanding of SLD as a deficit in psychological processing (Flanagan26t18). Because
of its impact on current intelligence theory, a more extensive background of@d§ ts
provided here.

John Carroll's (1993) boolduman Cognitive Abilities: A survey of factor-analytic
studies compiled an extensive reanalysis of over 460 datasets which included a bgeadfran

cognitive ability tests. The objective of this analysis was to compilé¢ iwlcarrently known
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about human cognitive abilities, reanalyze datasets using a systematc mkeexploratory
factor analysis, provide a structure to categorize the results, and resadinidengs to current
findings in cognitive and developmental psychology (Carroll, 1993, p. 74). Carroll'dysiana
was based on a systematic method of exploratory factor analyses (ER&s)wehe designed to
examine the broader dimensions underlying the variables in datasets form pstwibes. The
major purpose of reanalysis was to use a single method for all datasets to aidastent
results across studies, since a variety of extraction and rotational mef@dssed in original
studies. Carroll employed a number of specific decision rules regarding themnahiactors
and rotation methods across all datasets (see Carroll, 1993, pp.80-90). Through the use of this
method, he found many similarities across datasets, which he was able to sgntitesa
comprehensive taxonomy of cognitive abilities.

Based on this reanalysis, Carroll (1993) created a model of intelligende wésccalled
“three-stratum” theory, named this way because he found three levels tiésatiliough his
reanalysis. The first stratum includedrrow abilities which are specific skills typical of tasks
used on psychological tests. For example, the subtests from the WJ-Illigreedde measure
specific skills representing narrow abilities, which can then be combined tal@mwinposite
scores for broader abilities. Dozens of narrow abilities were recabmizbis first model (over
60), and these continue to be extended and clarified with further research (Kestm&lds,
2010; Schneider & McGrew, 2012). The second stratum consistedanf abilities At this
stratum, several narrow abilities fall under the domain of broad abilities, arall @entified
approximately 10 of these abilities (Carroll, 2005), most of which are similar te ithestified
by Gf-Gc theory. It is important to note that each of the broad abilitiesyftearice a large

number of tasks, and a variety of these tasks are typically used to meabuwéthadroad
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abilities. Finally, at stratum three wageneral factor The general factor, callgg subsumes the
broad abilities, and it is derived from the covariances among the broad abiiiysfa
Controversy continues over whether this factor is an actual ability osibitly an artifact of
factor analysis (Horn & Blankson, 2005), but convincing evidence supportsghatt@ar is a
useful construct for summarizing cognitive abilities, and it is highlyedl&d many academic,
social, and physiological measures (Jensen, 1998).

Overall, Carroll's three stratum theory can be viewed as a synthesis of prédoties
into a comprehensive taxonomy of cognitive abilities based on extensive engmatais. The
three-stratum theory brings together aspects of Horn and Cattell’s @feGry (Cattell, 1943,
1963; Horn & Blankson, 2005; Horn & Cattell, 1966), in which several broad abilities explain
the correlations among more narrow abilities in a consistent manner, Thurst®38% grimary
mental abilities, and Spearman’s (1904) two-factor theory which included eabfotor ()
and specific factors (unique to each test).

Development of Modern CHC Theory

Carroll's analysis provided an impressive summary of research orticed@bilities. It
should be noted, however, that this theory appeared to be in the “wings,” and Carroll provided
the analysis needed to solidify the thoughts which were developing regardstguttiare of
human cognitive abilities (McGrew, 2005). As stated above, Horn and Cattelbg &feory had
identified several abilities which were identified in Carroll's secondwstraincluding visual
intelligence, auditory intelligence, and cognitive processing speea & Qattell, 1966), and
these were similar to Thurstone’s (1936) primary mental abilitiesleBiyn Gustafsson (1984)
had begun analyzing cognitive abilities in a hierarchical manner using tlyenfav methods of

confirmatory factor analysis (CFA) and structural equation modeling (SE\cGrew (2005)
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recalls, when he was working on the revision of the Woodcock-Johnson Psycho-Educational
Battery (Woodcock & Johnson, 1977), both Horn and Carroll were asked to be consultants on
this project and for the first time brought together a theoretical structtine revision of a

major test battery. Based on the direction of the field, it appeared as thoughesis such as
Carroll’s was inevitable, providing a comprehensive synthesis which has begarantiuence

on cognitive ability tests ever since (Alfonso et al., 2005).

McGrew’s (1997, 2005, Schneider & McGrew, 2012) taxonomy and nomenclature has
become the common framework when discussing CHC theory. Schneider and McGrew (2012)
recently provided revised definitions based on current research to help ttlardgfinitions of
the CHC abilities. The seven most commonly examined broad abilities ardeedmzlow:

1. Fluid Intelligence/Reasoning (GH Gf is comprised of the ability to solve novel
problems. Gf includes inductive and deductive (sequential) reasoning, as well as
guantitative reasoning (use of induction or deduction with numbers or mathematical
symbols). Schneider and McGrew suggest that inductive reasoning is at té Gbore

2. Short-Term Memory (Gsm)Gsm is the ability to hold and manipulate information held
in memory. Gsm includes two primary narrow skills, memory span (the amount of
information which can be held) and working memory (ability to both hold information
and make simple manipulations or transformations of the information in memory).

3. Long-Term Storage and Retrieval (Gk)GIr is a person’s capacity to retrieve
information which has been learned previously, where the period must be longer than that
required for the information to be stored in Gsm. Two narrow skills make up Glr:
learning efficiency (associative memory, meaningful memory, &eallrmemory) and

retrieval fluency (includes a number of skills requiring the fluent recatifofmation in
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long-term storage). Schneider and McGrew (2012) indicate that retriegatit appears

to be distinct from processing speed, but it is necessary to include enough measures of
retrieval fluency in order for a unique factor to emerge which is distioet processing
speed. The retrieval fluency factor, however, may also depend on pngcgssed,

making it a complex ability.

. Processing Speed (Gs)Gs is the ability to complete simple cognitive tasks quickly.
Perceptual speed, which is based on quickly identifying similarity and difielestaveen
stimuli, is thought to be the foundation of Gs (Schneider & McGrew, 2012). These tasks
are usually simple, which may include recognizing patterns or visually scanni
information for similarities and differences.

. Crystallized Intelligence/Knowledge (Ge)Gc represents an individual's knowledge and
skills which have been acquired by culture. This knowledge includes a broad range of
skills including general knowledge, language development, listening ability, ahd or
language. Some recent research has questioned the distinctiveness of §massta s
broad ability, rather, it is based primarily on Verbal Comprehension (Kan et aless) pr
Most intelligence batteries include tests which measure Gc, and moreeetk to be
done to clarify what Gc is (Keith & Reynolds, 2010).

. Visual Spatial Abilities (GwW Gv ability includes skills related to the mental visualization
and transformation of visual patterns or objects. This includes visualizatinsf¢imaing

or imagining how objects look when they are changed), visual memory, and visual
closure (being able to identify objects when it is partially covered or absthuare Gv

narrow abilities
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7. Auditory Processing (Ga) Ga represents an individual’s ability to process auditory
stimuli. This ability is most important for understanding speech sounds inaigagu
development, and includes skills such as phonetic coding, speech sound discrimination,
and resistance to auditory distortion.
These seven broad abilities are most commonly measured by major tests feadilities,
including the WJ-11l. Some other broad abilities are more sensory-bagedJiactory abilities
(Go), Kinesthetic abilities (Gk)), but these are not often assessedjbiyiwe batteries. The
seven cognitive abilities defined above will be the focus of the current study.
Impact of CHC Theory on Current Tests of Intelligence

CHC theory pulled together much of the previous theoretical work on intelligetaoca |
comprehensive taxonomy of cognitive abilities which has strong empirical $u@pti theory
has greatly affected the measurement of intelligence, both at the theé @amdigaactical levels.
First, it has provided a common language for researchers and practitiorseatdRers may
have been studying the same types of cognitive processes, but may have essd thfims to
refer to the same processes. Practitioners previously were tied to usintgegmeting different
tests separately, even though many of these tests were found to be mehsigame processes.
CHC theory has provided a universal language to talk about the constructs megpshesdide
variety of cognitive ability tests available for research and pecti

Secondly, CHC theory has directly influenced the development and revision of modern
intelligence batteries (Alfonso, et al., 2005; Keith & Reynolds, 2010). The Woodobakah —
Revised (Woodcock & Johnson, 1989) was the first test to be designed specificallyu€og G
theory (McGrew, 2005), and this influence has continued with the most current revithien of

test (Woodcock et al., 2001, 2007). Some tests, such as the Reynolds Intellectuatdgsess
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Scales (RIAS, Reynolds & Kamphaus, 2003) and the Wide Range Intelligen¢@/Ri3t
Glutting, Adams, & Shelslow, 2002) were based partially on CHC theory in et i
development (Alfonso, et al., 2005). Many major intelligence batteries have used @HC the
explicitly in their revisions, including the Kaufman Assessment Battr¢hildren—Second
Edition (KABC-II, Kaufman & Kaufman, 2004) the Stanford-Binet—Fifth Edition BRoid,
2003), and the Differential Ability Scales—Second Edition (DAS-II, Elliot, 200%)m&ntioned
by Keith and Reynolds (2010) and Alfonso et al. (2005), the Wechsler scales (e.gleWWechs
Intelligence Scale for Children—Fourth Edition, Wechsler, 2003) have not beemcdtiias
highly by CHC theory, although CHC theory is recognized by the current authersnagatant
theoretical structure, and the Wechsler scales have been interpoeteal CHC perspective
(Benson, Hulac, & Kranzler, 2010; Keith, Fine, Taub, Reynolds, & Kranzler, 2006; Ward,
Bergman, & Hebert, 2011). It should be noted that while the impact of CHC theorydmas be
relatively widespread, it is still a theory in the works and continued work andoaaah of
broad and narrow abilities are needed (Carroll, 2005; Keith & Reynolds, 2010; McGrew, 2005,
2009; Schneider & McGrew, 2012).

Broad abilities have been the focus of a large amount of research concerningeg®HC t
and modern intelligence batteries (Benson, 2007; Benson, et al., 2010; Evans, Floyd, McGrew, &
Leforgee, 2001; Floyd, McGrew, Barry, Rafael, & Rogers, 2009; Keith, et al., 2006; KeWw,
Reynolds, Patel, & Ridley, 2010; Keith, et al., 2008; Kranzler, Keith, & Flanagan, 2000;
Reynolds & Keith, 2007; Reynolds, Keith, Ridley, & Patel, 2008; Reynolds, Keith, Finer,Fishe
& Low, 2007; Taub, et al., 2008). However, broad abilities subsume more narrow cognitive
abilities. This distinction is important to consider for SLD, since part ofi@fi@ition for SLD is

having a deficit in a psychological process. Differences in a psychologocags may be at the
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broad ability level or narrow ability level, and understanding the measntefleroad and
narrow abilities is important if cognitive tests are going to be useftkindentification of SLD.
In their review of the research on relations between CHC abilities and aca¢rievement,
McGrew and Wendling (2010) suggest that the narrow ability level is the platecht the
“primary action” between cognitive abilities and academic achieverakes place (p. 669).
Their analysis shows that broad cognitive abilities can best predict broadnacakldls, but
when examining more narrow academic skills (e.g., reading decoding skillg) naroow
cognitive abilities are better predictors.

In terms of SLD assessment, this suggests that narrow abilities mayrieed thajor
focus during the evaluation process. Some studies have begun to identify which cofitityve a
deficits are present in SLD populations (Compton et al., in press), and theseractivesn
determining which processes may need to be assessed most carefully in theaitiemt
process. O’'Shaughnessy and Swanson (1998) completed a meta-analysisrie éxanale of
memory and recall in SLD in reading. Their analysis showed that memaciiekre a
persistent difference in children with SLD across childhood, where the diffearepeeformance
on memory tasks is not reduced as children get older. The difference in memorsnpade is
best thought of as a deficit as opposed to a developmental lag. Importantly, ldodkywanson
(2000) showed that there are also differences in some cognitive areas betwaehiéwng and
SLD students. They found that both low-achieving and SLD groups had deficits in phonological
processing, but children with SLD had an advantage in verbal intelligencejcilgcin
syntactic knowledge. A more recent meta-analysis (Johnson, Humpheardyléloods, &
Swanson, 2010) has supported the notion that several cognitive abilities show rdlatdaats

between groups of children with and without SLD. Johnson et al. showed differences in
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processes such as phonological processing, processing speed, executiverigneamoii
memory show consistent differences when aggregated across studies.

Most modern intelligence tests include a range of narrow skills to measak dlilities.
Few include enough tests to provide an adequate measure of narrow abifiteesdazlone
composites. Most tests include a range of skills from which to createdstepcores for broad
abilities, but not often for narrow abilities. For instance, the WJ-11l usesliérs Reversed (a
working memory task) and Memory for Words (a short-term memory task) sunee@sm. But,
it also includes Auditory Working Memory (a second working memory task) and Mdoror
Sentences (a second memory span task). By including two tests for these bdities; & is
also possible to obtain scores for the narrow abilities Memory Span and Worgmgrly] in
addition to the broad ability Gsm.

Since many tests do not include a substantial range of tasks, the practice-btiery
assessment, or XBA, has been promoted as a method for more comprehensive ratssessme
narrow abilities (McGrew & Flanagan, 1998; Woodcock, 1990). With XBA, it is possibleeto us
subtests from different intelligence batteries to gather more informdiart an individual’s
performance on a particular narrow ability. Many intelligence battdave been subjected to
joint confirmatory factor analyses (CFA) to examine which broad and narréitieslare
included in the tests (Flanagan & McGrew, 1998; Keith, Kranzler, & Flanagan, 2001y§ande
Mcintosh, Dunham, Rothlisberg, & Finch, 2007). Such joint CFAs have provided evidence that
tests from different intelligence batteries can be used in conjunction witmotieeato help
adequately measure constructs of interest. Several XBA studies, as wgllaratory and
confirmatory factor analyses with the WJ-1ll have supported the validityeo#V/J-11l constructs,

as reported in the technical manual of the WJ-IlIl (McGrew & Woodcock, 2001)
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Although broad abilities have been a main focus of a large amount of research, fewe
studies have focused on the narrow abilities measured by intelligencesbaténen the WJ-111
was developed, a number of factor analyses were included in the technical manudlshowe
the tests included on the WJ-I1Il load on both broad and narrow CHC abilities (M&rew
Woodcock, 2001, pp. 191-209). Some studies have included narrow abilities in the analysis, such
as Phelps, McGrew, Knopik, and Ford (2005), who completed a joint CFA with the Al
the WISC-III. Floyd et al. (2007) examined the relationships between CH@anand broad
abilities and reading decoding, and including the narrow abilities helped ideortify of the
more specific processes within the broad abilities which were importamaiding decoding.

For example, when analyzing the data for children between the ages of 7 and&& &c w
significant predictor of reading decoding when only broad abilities wenaededlin the model.
When the narrow abilities were included in the model as well, Gc no longer hadtafieeicon
reading decoding, the narrow skill of Listening Ability had a directcétba reading decoding
while effects from Gc were indirect. Including the narrow abilities/jgled more precision in
identifying which skills are important for reading decoding, providing evidemtee claim by
McGrew and Wendling (2010) that narrow achievement skills (e.g., readindidgtmay be
best explained by narrow cognitive abilities (e.g., listening ability).

Summary

The history of intelligence testing and the psychometric traditions bethage been a
cumulative effort across the‘?@entury. Through the work of Spearman, Thurstone, Cattell, and
Carroll, modern theories of intelligence have a strong empirical backgrouraabelty
resembles the theoretical structure of cognitive abilities. Imprdwsaty has been an important

component to a better understanding of SLD because it has clarified the natyehofqgscal
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processes which may be important to learning, and this is important to considerurréné c
study because one of the purposes is to examine the similarities and dé$arencgnitive-
achievement relations between groups of children with and without SLD.

Relations between Cognitive Abilities and Academic Skills

One important consequence of CHC theory is a better understanding of tlhaselati
among cognitive abilities and academic achievement. Since the advent of QHEC the
researchers have begun to examine the correlations between cognitivesaimlitiacademic
achievement skills to better understand what processes are used for diifeidaThic areas.
Much research remains, but at this point a relatively strong understandingG¥@habilities
which underlie academic skills has begun to emerge. The following sectlorwiélw the
research which has examined cognitive processes related to acaddmigitke focus on
research which has used CHC theory as a basis.

The research for the effects of CHC abilities for reading and math haveumesraszed
comprehensively by McGrew and Wendling (2010). They examined two construcasiioig,e
Basic Reading Skills (BRS) and Reading Comprehension (RC). For BRS, they fou@drthat
Gs, GlIr (only for ages 6 through 8), Gc, and Ga all had significant relationshipBR&. A
study by Floyd et al. (2007) which examined the relations between CHC broad and narrow
abilities and reading decoding found relationships from all of these abili#ie8aned in
McGrew and Wendling’s analysis, although these relations were not conastess age ranges.
For example, Gs is related to reading decoding for children ages 5 to 8, but not for older
children.

A recent study by Elliot et al. (2010) used the DAS-II to examine cognitiviexament

relations for children with and without reading difficulties. They found that Gc,, Gemand Gf
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all had significant effects on basic reading skills in typically develoguidren, but in children

with reading difficulties the significant effects from cognitive viales were from Ga, Gv, Glr,

and Gs. All effects frong were mediated through the broad abilities for both groups, suggesting
the importance of considering cognitive abilities beygn@ihey consider that the reason for
differences in processes may be related to compensatory stratediby usdividuals with

reading difficulties. For example, they suggest that the significant éftec Gv to reading may

be due to the fact that children with reading difficulties may be using moreviobla word

reading approach than a phonics approach (Weekes, Coltheart, & Gordon, 1997).

Some other influential researchers have suggested that specifiev@grocessing
deficits are especially important for reading SLD. Although many aktiséudies have not been
based primarily on a CHC model, they can be interpreted in light of CHC cognitiveeabiline
theory is the double-deficit hypothesis (Bowers & Wolf, 1993), which states thegeadi
difficulties come from a deficit in both phonological processing (Ga), and ramchatized
naming (RAN, a GIr and Gs ability, Schneider & McGrew, 2012). Bowaddshaik (2003)
summarize this research and showed that children with a deficit in phonologiasdgngcor
rapid naming tend to have lower reading scores compared to those who do not havendeficits
either of these areas, but the differences were much more pronounced for legihneideficit
in both phonological processing and rapid naming. Phonological processing has beedlyepeate
shown to be related to reading, since reading requires phonics skills for decodiegs Bod/
Ishaik (2003) hypothesized that RAN abilities were related to reading thavtlgographic
skills, which is the ability to use patterns of letters for reading. Childrenhave greater

difficulties with recalling orthographic codes also have greater difigsuvith reading fluently.

35



Swanson and colleagues (e.g., Swanson, 1993; Swanson & Alexander, 1997; Swanson,
Kehler, & Jerman, 2010) have focused on working memory deficits as a causahisractoa
SLD in general. Working memory is consistent with Gsm from CHC theory, wbitsists of
Working Memory (ability to hold and manipulate information in memory) and Mempan S
(amount of information which can be held in memory). In fact, research has sugbastauth
memory span and working memory are uniquely related to reading diffice@éiels contributing
to deficits in reading (e.g., Swanson & Ashbaker, 2000). The differences in yneawer also
been replicated in more recent research on cognitive profiles for childreBiXim reading
(Compton et al., in press).

Overall, processes related to Gsm, Gs, Gc, and Ga appear to be especiatgninfgor
reading decoding. However, little work has examined where differencesxisayvhen
examining reading in groups of children with SLD in reading. Elliot et al. (2@g)ested that
poor readers may rely on different processes, and other research has deetbdisterential
predictive power of some processes over others. For example, Swanson and Alg@g&9Wer
found that phonological awareness was the best predictor of decoding skills for agerd reut
general intelligence was the best predictor of this skill for poor res@karly, more work
needs to be completed to better understand where these differences lie.

In their review of the literature, McGrew and Wendling (2010) found that math
calculation skills were related to Gsm (specifically working memdsg, Glr (specifically RAN
skills), Gc, and Gf. Math Reasoning was related to all the same processgisfex®AN. Taub
et al. (2008) found thaf was not a direct predictor of mathematics skills, rather the broad
abilities were better predictors and any effectg were indirect. This finding is consistent with

the proposition that narrow cognitive skills are better predictors of narraemeaskills (e.g.,
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Floyd et al., 2007; McGrew & Wendling, 2010). Proctor and colleagues (Proctor, in press
Proctor et al., 2005) have examined cognitive ability differences in matlesrfratin a CHC
perspective. Proctor and colleagues (2005) found that the cognitive profile athogvers in
math calculation was similar to those without deficits in math calculatittrouglh deficits in
math reasoning were concurrent with deficits in Gf and Gc. Proctor (in pressined the
relations between CHC abilities and math calculation and math reasoninglatecstudents
who have been diagnosed with a SLD in math. For math calculation, Gs was the onlyasignif
predictor, whereas for math reasoning the significant predictors were Gamd3he narrow
ability of Working Memory. Again, these results suggest that importamtreiftes in
cognitive—achievement relations may apply within mathematics diffesulverall, studies
have shown that math abilities tend to be related to Gf, Gc, Gsm (specificaiyng memory),
Glr, and Gs. More work is needed to clarify these findings, but overall consenssssagdoss
is that the processes mentioned previously are important to math achievement.

Little substantial work has examined the relationship between cognititeeat@nd
writing. Writing was not included in McGrew and Wendling’s (2010) review of cogrit
achievement relations, and it appears as though Floyd and colleagues (200&niy study in
which the relations between CHC abilities and writing were examined. Peelfisally
examined basic writing skills (which includes Spelling, Punctuation and Caaitatiy and
written expression (which includes Writing Fluency and Writing Sampl&s)vas the best
predictor of basic writing skills, and Gs and Gsm were also important atitisood. For
younger children, Glr and Ga were important, but this dropped off quickly with age. For

adolescents, Gf became more important with age as well. For writterssigpreagain Gc, Gs,
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and Gsm all were important, and Glr and Ga were important for younger childrensbut thi
relation again decreased in importance quickly with age.

Written expression appears to be more complex than other academic skillelddhas
inclusion of the visual-motor domain. Fletcher et al. (2007) suggest that this imbgpec
important for handwriting and spelling, which require the use of both motor skills and
orthographic processing, which Stanovich and West (1989) define as “the abthityntcstore,
and access orthographic representations” (p. 402). They showed that orthograpk&imyoce
was significantly related to reading skills, but this is not currenpgrt of CHC theory.
Orthographic processing may be a visual skill primarily necessargddimyg, although the
integration of orthographic and motor skills would be necessary for writirgprhe recent
research with the DAS-II, Niileksela and Reynolds (manuscript submittgulidication) found
that children with SLD in reading and writing showed differencesg (Bs, and specifically on
the subtest Recall of Designs, where the examinees are required to lookigh aalésecreate
it on their own. This study’s findings suggested that orthographic processing, poss$iay
form of visual memory, may play a role in writing difficulties. The findingsvef particular
interest, because the DAS-II was not used as part of the diagnostic procassadiministered
to those who were already identified as having a SLD. There has not beeraatgall@hount
of work examining CHC abilities and writing, making the current invesbgadn important
contribution to the understanding of cognitive—achievement relations and writing.
Summary

Researchers continue to identify areas related to achievement inlgatevaloping
children and areas which may potentially cause academic deficits irechildth SLD. Thus, it

is important to continue to examine both the relations between cognitive skills dedéca
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achievement, and it is similarly important to continue to examine whetherétasens are the
same between groups of individuals with and without SLD. Using strong resedhddmand
adequate measurement instruments is essential. The next section includesiaw ovéne
methods to be used in the current study, namely confirmatory factor analy8jsa(il
structural equation modeling (SEM). Also included is a review of the basionggions of this
model, as well as a review of the methods which can be used for multiple group congparis
The Common Factor Model

Dozens of techniques are available for data analysis. One of the most promithemtsme
available in social sciences for understanding the underlying structargebvf variables is
factor analysis, although it has often been misused and misunderstood (Péglsicto€lallum,
2003). Factor analysis has been one of the most commonly used methods for evakiating t
structure of cognitive test scores (Carroll, 1993). Thus, it is important tapraw overview of
the logic and assumptions of the common factor model, how it is used to analyzedtueestf
cognitive tests, and how it can be used to examine the relations between cogriities ai
academic achievement.

Factor analysis assumes that the correlations among observed variables,sbaltery
of cognitive tests, can be explained by a smaller set of latent, or unobsenedalesaFor
intelligence testing, this assumes that the latent broad and narrow cogbilities (as well as
g) discussed above affect an individual’s performance on specific cognitigseTst major
types of factor analysis are available for researchers, whiaxpleratory factor analysiéEFA)
andconfirmatory factor analysi@CFA). Although a variety of techniques can be used for EFA
(Mulaik, 2010), the primary focus here will be on CFA. EFA is, as suggested by i&s aam

exploratory technique which is designed to uncover latent factors which rexgt cefmmon
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causes of the relations among observed variables (Mulaik, 2010). One major differeneen
EFA and CFA is that EFA extracts factors based on the correlations among ttvedbse
variables, and the pattern of factor loadings for the variables is deterromgtetely by the
data. In contrast, CFA analyzes covariances and uses a prior theorngtictition or
hypothetical structure which guides the decision regarding the numberaytfattich underlie
the data and which variables load on different factors (Keith, 2006). This distiretropartant
because covariances should be analyzed whenever studying groups who may @kabset
population (e.g., individuals with SLD) because the correlational structurdenalyered via the
selection of the subgroups. Hence, covariance matrices, not correlatioremsiotld be
analyzed in this method.

CFA is based on the common factor model, which assumes that a number of latent
variables (unobserved variables) explain the covariances between the obserbdesvdtrane
& Slaney, 2005). In this technique, the number of common factors is less than the number of
observed variables. For example, if a group of students take three tests whigremesding
skills and three tests which measure math skills, one may hypothesize that mvorctantors
underlie the scores on these tests, a “Reading” factor and a “Math” factor. Eveim shotest
scores were included, in the common factor model assumes the covariatiomlibegedests is
explained by two common factors.

Mathematically, the common factor model is described by the followingiegua
Equation 1: y= + +
Assuming six variables and two factors in this moges, a vector oh x 6 observed scores for

each variable, is a vector of 6 x 2 intercepts for the observed variablésa 6 x 2 matrix
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factor loadings for the latent variablesis a 2 x 2 matrix of latent variable means, amsla 6 x
6 matrix of residual variances not accounted for by the latent variables in the model

In the CFA framework, the goal is to specify a theoretical model which agdgua
recreates the observed covariance matrix. Then, model fit is evaluatedryiex the
differences between the covariance matrix derived from the model and the dlzseraeance
matrix. The model implied covariance matrix is obtained through the followirgtiequ
Equation 2: = Ty
In this equation, is the model implied covariance matrix,is the matrix of factor loadings,
is the variance-covariance matrix of the latent variablésis the inverse of the matrix of factor
loadings, and is the matrix of residual variances of the observed variables (Brown, 2006).
Once a model is hypothesized and created, the model implied covariance masrcompared
to the observed variance-covariance magix] herefore, the main test is= S, where
covariances obtained through the model parameters is compared to the covabtained
from the observed data.

Different indices can be used to determine how well the two matrices apptexati
other, such as’, the comparative fit index (CFl), root mean square error of approximation
(RMSEA), and standardized root mean square residual (SRMR; Brown, 2006; Kline, 2011). |
these two matrices are similar to one another, the fit indices will prowjdarditative index of
how similar they are. If they are substantially different from one andtieefit indices will
indicate worse fit. It is important to note that fit indices are affectendnyy extraneous factors,
such as sample size, the number of factors, number of variables, and complisatynotiel

(Brown, 2006; Hu & Bentler, 1998, 1999; Kenny & McCoach, 2003; Kline, 2011), thus the
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reporting of several fit indices is the standard practice in CFA (Schrietage, King, Nora, &
Barlow, 2006; Jackson, Gillaspy, & Purc-Stephenson, 2009).

In addition to specifying which variables load on specific factors, one icartse the
nature of the relations among latent variables, creating a structurabequatel (SEM). With
CFA, all of the latent variables are correlated with each other. In a $EENMgdearcher specifies
which latent variables are related to each other and how they are reladet! tuleer (Keith,

2006; Kline, 2011). For instance, using the example above where students completad the ma
and reading tests, one could also give the students an academic motivationesoalghéicould
specify that the reading tests load on the reading factor, the math tesis kh@&dmath factor,

and the items from the academic motivation scale load on an academic motivaton/eh

typical CFA, covariances would be included between the latent factors. Withr8gidssion

paths are used in lieu of covariances, where some latent variables may fiedspgthe causes

or predictors of other latent variables. For the above example, we might dragsieq paths

from the academic motivation factor to the reading and math factors, creatogdehwhich

implies that academic motivation is the “cause” of reading and math stcikesise,

researchers can test competing models, such as allowing reading and mia#ts twaases for
academic motivation, or showing whether the effects of academic motivationtiomaa

reading are equal or if they are statistically significantlyedéht from each other. Based on the
assumption that a model which better fits the data is likely to be a bettematiqicof real-

world phenomena, models can be evaluated based on the adequacy of fit indices, theoretica
relationships, and prior research. However, conclusions must be made based on strong previous

research, theoretical bases, and adequate analysis of other possible raredtexys.
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Overall, CFA and SEM are powerful and flexible techniques which can be used to
evaluate the structure of a large number of variables. CFA is esp@aalérful because it uses
theory and prior research and a hypothetical structure to guide the underbaagrement of
latent variables, and the step from CFA to SEM allows one to create causal basgelon the
data as well.

Multiple Group Analysis in SEM

A large proportion of psychological and educational research is based on statistic
designed to compare group means to each other (e.g., ANE&#ts), or to examine the
relations between a number of observed variables (e.g., correlation, @grdssa typical
experiment, participants are randomly assigned to groups (e.g., expatiared control groups),
they experience some type of environmental manipulation (e.g., no training vs.\extensi
training), measurements are taken on their performance or on some psychotowgtaict, and
groups are compared using traditional statistical methods. Similarly, edperimental
manipulations are not possible, data may be collected on a number of variables ang natural
occurring groups (e.g., gender, ethnicity, or cultural status) can be comparésttarkeif
differences exist between groups on the constructs of interest. If ditbsrerist, then the
assumption is that individuals from different groups, on average, tend to have diffeeésbfe
the psychological construct of interest. The analysis of multiple groufsois\ailable in SEM,
and this powerful method can be used to not only compare group means, but also compare the
similarities and differences in factor loadings, factor structure, datbreships between latent
variables between different groups.

The multiple group model uses a separate covariance matrix for each groupinimatess

all parameters simultaneously. First introduced by Joreskog (1971), this metveedall
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researchers to examine the same factor model with different groups, and eldovioether the
constructs are the same by applying equality constraints to model parariiéis method is
very flexible because it can allow groups to have completely different factdels, where
different variables load onto different factors for each group, or it can rabatrthe same factor
model is used in both groups, and all parameters can be constrained to be equal acvogs all g
Joreskog (1971) only included the covariance structure in his work, and Sérbom (1974) extended
this work to include latent variable means as well. The major use of mygjtgale analysis in
practice is to test for measurement invariance, where model parametsesjaentially tested
for equality across groups to ensure that the constructs being measured ameethdare
formally, multiple group analysis tests whether or not differences in axbsoores across
groups are explained by differences in the common factors. Measuremeranogas a
necessary step if groups are to be validly compared on latent or observbtevagans
(Meredith, 1993; Meredith & Teresi, 2006). However, less strict forms of measate
invariance can allow for the comparison of other model parameters. For examglkefactorial
invariance, where factor loadings are equal across groups, is necessafidfcomparisons of
latent variable variances and covariances across groups, which will be thefftaasstudy.
Multiple group analysis is not only useful for testing parameters in the neeaoir
model, it is also useful for testing whether or not the relations between latabiesare the
same across groups (Brown, 2006). For example, one may want to know if readinficeelf-ef
predicts reading achievement equally for males and females. In almghlbup model, the
parameters for males and females will be estimated separatelyitohseeelation is significant.
The relation between reading achievement and reading self-efficacy rsagnlieant in both

groups, but it is then also possible to test whether this relation is equal betangies dihis test
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is done by requiring the unstandardized regression path from reading selfyetbaeading
achievement to be equal in both groups. If there is a statistically signdieargase in model fit,
then it is an indication that this relation is moderated by sex. But, if thereasstatistically
significant change in model fit, then it indicates that this relation isatime $or both males and
females.

In summary, the use of multiple group models can be especially useful in SEM because
of the ability to examine all model parameters. In the next section, the usdtipfargroup
models will be used to identify where groups may differ on specific pagasnatthe factor
model.

Measurement Invariance

Psychological and educational measures (e.g., intelligence and achietestsent
personality and behavior rating scales) are based on the assumption thesigsheeshare
adequately measuring the same constructs across different groups, and adegsatement is
an important component of the research process. That is, if a researchees¢adteomparing
males and females in levels of depression based on responses to a depresgiscatatithen
the researcher is making the assumption that the scale is measurgggepin the same way
across groups. If the scale is adequate, then a particular score on the aepoadsifor people
in each of the groups should represent the same amount of depression for individuals m differe
groups.

Millsap (2011) provides an example of this based on physical measurementuwie ass
that two objects with the same mass would weigh the same on a scale regditiieisshape.
Imagine that two spheres which have the same mass are shaped into a pyramitand a c

respectively, without removing any matter from the objects. When weighgtha@®s, they had
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the same weight. When they are weighed a second time as a pyramid andlaecppeamid

weighed more than the square. Because we know that the underlying mass of thedgo obj

should be the same, and shape should not affect mass, the scale can be said to be biased becaus
it provides different weights based on a separate factor other than actuéinapsy. In this

case, the shape affects the measurement even though shape does not daeatiypasst The

scale is not measurement invariant between objects of different shapes.

Relating the physical example to the depression example, the mass of the adydwt
thought of as the underlying construct of depression. The scale can be thought of as the
depression questionnaire, and the shapes of objects can be thought of as differenf graups.
people from different groups have the same amount of an underlying construct {depiess
this case), and the depression scale provides different scores for people whadodiffegent
groups, then the scale is not measurement invaNa#surement invarianaefers to the
property of a test or scale where people who have the same level of a corstrabtaih the
same score on a measurement instrument, regardless of group membersldphM&@3;
Meredith & Teresi, 2006; Millsap, 2011). If a depression scale is measuremarnant, then
males and females who have the same level of depression should also obtain tloersaare s
the scale.

Measurement invariance is an important concept to understand in psychological and
educational measurement. When groups systematically differ on a melsurerdferred to as
population heterogeneitfMuthén, 1989). Often group comparisons are made based on the
assumption that the groups come from the same population even though different subsets of
individuals of the population may differ in how psychological or educational constracts a

measured. Muthén (1989) states thagpulation homogeneityvhere measurement instruments
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are the same between groups, is an unrealistic assumption to make when cognpapsgn
applied research. Thus, methods for detecting and controlling for differenoessurement are
important.

Measurement invariance has become an important component of large scale
psychological research (Millsap & Meredith, 2007). Several important revaéweasurement
invariance principles and practice have been published in the last 20 years (MoAxdle,
1992; Little, 1997; Meredith, 1993; Millsap, 2011; Vandenberg & Lance, 2000; Widaman &
Reise, 1997), and these reviews have outlined both the importance of measurementéwarian
social science research as well as the steps which should be taken byeesednen testing for
measurement invariance. Measurement invariance tests are typicaéig cait in a hierarchical
manner, where cross-group equality constraints are added in a systesiadic fa the model. If
constraints on one part of the model meet the requirements for measurement inyargande
not lead to substantial change in model fit) then those constraints are left iaplamestraints
are added to other parameters in the model. The steps which are typicallgdoiotesting
measurement invariance are presented hétawpurposes of this study, the most important tests
of invariance will be similar to weak factorial invariance, whteefactor loadingsvill be tested
for equality prior to comparisons of structural relations between latent \eiabl
Testing homogeneity of variance-covariance matricég first step recommended by Joreskog
(1971) and Vandenberg and Lance (2000) is to test the equality of the varianceroava
matrices across groups. This step is completed before any partictdamfaclel is created, and
it is tested by constraining the variances and covariances between obsertdds/m all
groups to be equal. If this test is not statistically significant (acaptdirf, with excellent

values on other fit indices), then it can be assumed that the covariance matwees lggoups
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are essentially equal. Joreskog (1971) suggested that no other invariancegeststo be
completed if the covariance matrices are equal, since all analyse en@ SEM are contained
within the covariance matrices.

Configural Invariance The second step in testing for measurement invariance is referred to as
configural invariance. With this model, the hypothesized factor struguested simultaneously
for both groups, where the pattern of fixed and free factor loadings is the sdmmeeath

group. None of the model parameters, other than those used for identification purpases, (e.g
factor loadings set to 1), is required to be equal across groups. This step does rastymake
comparisons regarding the size or equality of the factor loadipgetwveen groups, only that
the pattern of factor loadings is the same between groups. If configunahimogais not tenable,
then the groups cannot be compared because the underlying factor pattern is mog theress
groups. If configural invariance is tenable, the groups can be said to have&herskerlying
structure on the variables (Vandenberg & Lance, 2000).

Weak factorial invarianceAlso called metric invariance (Horn & McArdle, 1992), testing for
weak factorial invariance goes beyond simply using the same patternd&figdree factor
loadings and includes equality constraints on corresponding factor loadingsgrorgss By
constraining the corresponding unstandardized factor loadings equal aolgss tjnis step tests
whether or not the latent variables have the same effects on the observedvadatds groups.
If the corresponding factor loadings from the observed variables on the latentesaaabhot
the same across groups, then the measurement instrument is not measuring toaSanoe
and group membership moderates the effect of the latent variable on the obseal@esva
(Meredith & Teresi, 2006). If weak factorial invariance is tenable, therpibssible to move on

to the next step. If there is a significant change in model fit by including tbeséraints, then it
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basically means that one or more of the factor loadings are significafehgdt between
groups.

Strong factorial invarianceAlso called scalar invariance, when testing for strong factorial
invariance equality constraints are added to the observed variable intemcagbd#tion to the
factor loadings. This step is testing whether the value where the obsanaaesmeets the
intercept (mean) on the latent variable is the same across groups. Singtression, this step
is determining if one group has a systematically higher or lower score pintteecept of the
predicted variable. If they are higher or lower, then this means that the atembo factor
mean between the two groups cannot be meaningfully compared because one group will show a
systematic advantage over the other in a specific factor mean. A lacknaf ftoborial
invariance is essentially a form of uniform differential item fumatng (DIF, Osterlind, 2009)
where a person’s score on a test or item depends not only on their ability, but alsopn g
membership. If the factor loadings and measurement intercepts are the ssa@aLIpS, then
mean differences on observed measures are attributed to differences iarthesliaable.

Strict factorial invarianceAlthough strong measurement invariance is considered adequate for
comparing latent or observed variable means, it is also possible to continuenestsygement
parameters in the model. Strict measurement invariance is a step whichgujaabty
constraints on the residual variances of the observed variables. Residual varcameposed of
two types of variance, specificity and measurement error (Meredigr&sil 2006; Mulaik,
2010). Specificity refers to the variance which is systematic and reliabblepbattributable to
the common factor, and error refers to unsystematic variance attributedsioremeant error. By
holding the residual variances equal across groups, strict measuremenhaevaridetermining

whether the amount of variance not accounted for by the latent variable is eqaslgroups. If
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the amount of variance is not the same, it may mean that the groups differ inathiétyetif the
measured variable (e.g., there was more measurement error for one groaipotiver) or there
is a greater amount of systematic variance which may be attributabléferend variable for
one group over another. Widaman and Reise (1997) state that, if weak, strong, and strict
invariance constraints can be added without a significant degradation in model fit| gren@
differences in both means and variances of the observed variables are atéritoutiadllatent
variable.
Testing equivalence of other model parametdrsto this point, all the steps have only included
invariance tests for the relations between first-order latent variabtethe measured variables
(the , ,and components of the common factor model). It is also possible to use invariance
tests to examine other parameters in the model, including the latent varisdheesylatent
variable means, as well & covariances between the latent variables (Vandenberg & Lance,
2000; Widaman & Reise, 1997). These tests are not related to measuremerideyaather
they address substantively important questions. For instance, the compataentof
covariances tests whether the relationships between latent variabtggial across groups.

In addition to testing the parameters in a factor model which includes a numlst-of fi
order factors (factors for which observed variables load), it is also possibieate a
hierarchical model, where the covariances between the first-order factgise explained by
one or more higher-order factors. For example, in CHC theory, the covariaheesibéhe
latent broad abilities are thought to be partially explained by a singlerfogter general factor,
g. This model is well established in the literature and has been used to descrihectheestf a
number of intelligence tests (Carroll, 1993, 2005; Gustafsson, 1984; Jensen, 1998; Keith, et al.,

2006; Keith, et al., 2010; Keith, et al., 2008; Reynolds, et al., 2008; Taub & McGrew, 2004). It is
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also possible to extend factorial invariance tests to parameters in oinel eder factor model
(Chen, Sousa, & West, 2005). These steps have been followed in previous research on
hierarchical CFA models (F. F. Chen et al., 2005; H. Chen et al., 2010; Keith et al., 2010). If
there are not substantial changes in model fit as these constraints are addbd phenides
evidence that the structural relations (covariances between latetiesyiare similar between
groups.
Previous Measurement Invariance Research with Tests of Cognitivebiities

The use of measurement invariance with tests of cognitive abilitiesirbyanfaw area of
research, mostly because the examination of measurement invariancedms b@re common
only in recent years (Millsap & Meredith, 2007). Most examinations of measotémariance
in cognitive ability tests have been completed with well-defined groups, includnaigigéH.
Chen & Zhu, 2008), cultural groups (H. Chen et al. 2010; Edwards & Oakland, 2008; Locke,
McGrew, & Ford, 2010), or age groups (Reynolds et al., 2010; Taub & McGrew, 2006). The
most prolific researchers of measurement invariance with tests otigegbilities in groups
that are less well-defined are Bowden and colleagues. Most of their intiesdaave focused
on the Wechsler scales, specifically the Wechsler Adult Intellg&uvales—Third Edition
(WAIS-III, Wechsler, 2001). For example, they have examined measuramanance between
the U. S. standardization sample and Australian neurological clinical sanopleéB, Cook,
Bardenhagen, Shores, & Carstairs, 2004), a community sample and sample fromagicalirol
clinic from Australia (Bowden et al., 2004), a community sample and a sampleofiuads
with alcohol dependency (Bowden et al., 2001), and groups of college students withakidHD
learning disabilities (Bowden et al., 2008). In general, they have found thatireenent

invariance held fairly well across these samples.
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Of particular interest here was the investigation of measurement invanattccollege
students diagnosed with a learning disability (Bowden et al., 2008) on the WAT&d authors
found that the basic structure of the WAIS-III with an additional long-termang factor (from
the Wechsler Memory Scaled? &dition, Wechsler, 2001) was essentially invariant across the
SLD sample and college-aged students from the normative sample. This wa®ganin
finding because it provided evidence that the same latent variables were cheasoss these
two populations with the WAIS-I111, indicating that the presence of a leguatisability does not
affect how latent variables assessed by the WAIS-III are measured.

Purpose of the Current Study

The purpose of this study is two-fold. First, an examination of the invariance of the
covariance structure for the WJ-IIl between children with and withoDx\8ill be examined.
This analysis will be completed to verify that the broad and narrow construtte a@me
across groups, which is a necessary step to take before examining réetvo@sn cognitive
abilities and academic achievement.

The second part of this study is designed to examine whether or not the relati@enbetw
cognitive abilities and academic skills are the same for children with ahduwSLD. In other
words, do children with SLD rely on the same cognitive abilities for diffexehnievement areas
as children without SLD, or do they rely on different abilities? Additiondlshiidren with SLD
do rely on the same cognitive skills for different achievement areatheameagnitudes of these
relations the same among groups?

Importance of the Current Study
There are several reasons why the current research is importantpbothfractical and

theoretical level. As it has been emphasized in the previous literaturey,rtheadentification of
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SLD has been controversial and has changed over time. If SLD is to be understoatljrat lea
part, as a deficit in a psychological process that affects a persorty @biéarn, then more
research in understanding the relations between cognitive abilities and acakiéimis
essential. This research extends this notion by examining thesen®latong children and
adolescents with and without SLDs. Additionally, if there are differencesichveognitive
abilities are related to different academic skills, this could also bematore for intervention.
For instance, if it is found that cognitive skills which are malleable (eaykimg memory, see
Klingberg, 2010) are related to better performance on academic taskddogrchith SLDs, it
is possible that interventions which target cognitive skills may be bealdticimproving
academic skills as well. In fact, some research (e.g., Loosli, Buschkeetid, R Jaeggi, 2012)
has found preliminary evidence that working memory training enhances rekidlsqs
children. School-based interventions which may focus on improving more basic\eghilis
may have residual effects and improve academic skills as well. Knowing wigohiee skills
are related to difference academic skills will be important if this typetefvention is a
possibility.

From a theoretical standpoint, the current research is of interest be&aailiggrovide
some insight regarding the similarities and differences between ivegrdchievement relations
which have been researched extensively (e.g., McGrew & Wendling, 2010). Suohaitidn
would be of interest to researchers who are using neuroscience technigues, BdRI, to
investigate SLD because of a need to explicitly link that measuremeset mitid one obtained
from test scores. If children with SLDs show differential relations b&tveegnitive abilities and
academic skills, this may provide some important insight into how these childrewitope

difficulties in academic areas. For instance, if children with SLD idingetend to decode better
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if they have better visualization skills, but visualization skills are noter@® decoding for
normally developing children, this can provide some insight into how children with SkeDs us
their cognitive skills differently to improve academic performance. Aatdhtly, this study is one
of the first to examine the relations between cognitive abilities andracadkills using a CHC-
based model which includes both broad and narrow cognitive abilities. Narroveslbiave
been emphasized as being important indicators of SLD (e.g., Compton et al., Jngbfessgh
narrow abilities have not been examined with children who have SLDs as much in the
cognitive—achievement relations literature.

Hypotheses

This study is primarily exploratory, but there are several outcomes wtaglbe expected

based on theory and current research.

1. Hypothesis 1: The factor loadings between the Norm group and SLD groups Wide
invariant. For the first part of the study, it is expected that the WJ-III will adtleneet
the requirements for weak factorial invariance, where the factor |cattiom the
measured variables to the latent variables are equal across groups. BoaldE2068)
showed that a group of college students with SLD were invariant across fadingtoa
on the WAIS-III, although this finding may not translate to the current studyubec¢he
SLD groups for this study are likely more homogenous than the sample of college
students used in Bowden et al. (2008). Such a finding will provide evidence that the
latent constructs are the same across the groups.

2. Hypothesis 2: Narrow cognitive abilities will be most strongly related to aademic
skills. McGrew and Wendling (2010) indicate that the relations between narrow gegniti

abilities and specific academic skills tend to occur at the narrow abilel; [Everefore,
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it is hypothesized that narrow abilities will be more strongly relatedadesic skills

than broad abilities ay. Previous research has indicated thanly plays an indirect role
in its influence on academic skills for normally developing children (Elliat.e2010;
Floyd et al., 2008, Taub et al., 2007). Elliot et al. (2010) found that this was also the case
for children with difficulties in reading. SLD is hypothesized to be a deficitdogaitive
process, and not a global deficit. Therefagrehould not impact academic skills directly
in children with SLD g will only impact academic skills indirectly through more specific
processes.

. Hypothesis 3: There will be differences in cognitive—achievementlsgions among
groups. The greatest differences in cognitive—achievement relatiomsll be related

to SLD groups for whom the academic skill is related to their disahiy (e.g., SLD
Reading will have significant relations between different cognitive abties and

Basic Reading Skills) Children with and without SLD may be equal on all relations
among cognitive abilities and academic achievement. This is unlikely,&gpbased

on previous research which has compared the relations between academic achieveme
and cognitive abilities in a CHC model (e.g., Elliot et al., 2010). Elliot et al.ifekeht

Ga, Gv, GIr, and Gs as predictors of reading skills in children with readincuttiés,

while for children without reading difficulties Ga, Gs, Gf, and Gsm werrafgignt
predictors. It is possible that similar differences may emerge in thent@analysis,

where a very different set of cognitive skills predicts academic JRifls.important
difference between the current study and previous research is that unstaadardiz

estimates will be compared, whereas standardized estimates havéyty@eal
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compared in previous research (though see Keith, 1999). Standardized estintateseare

most likely influenced by selection.
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Chapter IIl: Methods

Participants

The participants for this study were obtained from two different samgledirst sample
consisted of children and adolescents from the standardization sample of the Walndotszn
Tests of Cognitive Abilities and Tests of Achievement (WJ-11l, Woodcacal. £2001, 2007),
and the second sample included children and adolescents diagnosed with a SLD obtained from
the clinical database compiled by the Woodcock-Mufioz Foundation.

The full WJ-IIl standardization sample consists of 8,782 participants betheagés of
1 (19 months) and 90 years. A subsample of 300 school-aged children between the ages of 6 and
19 years were randomly selected from the normative sample for use imtysTdte WJ-III
clinical sample includes 1,374 children between the ages of 3 and 19 years, but ordn childr
between the ages of 6 and 19 were included in the analysis to ensure thatréhiékelyeo have
had some formal academic instruction. This sample consists of saoresvaluations
completed by neuropsychologists who used the WJ-III during the assessmerg.prbess
scores were provided to the Woodcock-Muiioz Foundation (WMF) as part of a clinices#ata
project. Scores for the clinical database were obtained from eithevarclmical records from
licensed clinical or neuropsychologists, or from clinical reseatahiest (McGrew, personal
communication, December 28, 2011). All scores provided to the database wereddvyetwo
qualified neuropsychologists before they were included, and this was completierto ei
validate the diagnosis provided by the clinic or to provide a more specific aediffdiagnosis
based on the information provided. All diagnoses from the clinics were madehesiD§M-1V
or International Classification of Diseases criteria, and thendsags were then recoded to be

included in the clinical database under a uniform system of clasisificahich combined both
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of these diagnostic systems. The classification for the WJ-11I alidiatabase included
categories DSM-IV categories for Reading Disorder, MathemBisxsrder, and Disorder of
Written Expression.

To reduce the effects of comorbidity of SLD in more than one academic ageas (e.
Reading Disorder and Mathematics Disorder), all individuals with eiteeca@ndary or tertiary
diagnosis in one of the SLD areas were removed from the analysis. Individdraénlyibne
diagnosis in one of the SLD areas were included in the groups. This provided saegtdrsiz
180 for SLD Readingy = 231 for SLD Math, and = 149 for SLD Writing. Demographic
information for the normative subsample, SLD Reading, SLD Math, and SLD Wrigng ar
presented in Table 1. Proportions for gender, race, ethnicity (Hispanic orighigpatnic
origin), mother education, and father education are presented, along with the meandaudi st
deviation for age. Comparisons between the SLD group and normative subsample on
demographic variables were completed using thest, and age was compared using one-way
ANOVA. Because there were only a few individuals in the Asian, Natiaerfican, and Other
categories for race, these groups were combined into a single grous famdhjisis. There were
no statistically significant differences between groups forad@, 846) = .540p = .655,
mother education level? (9) = 12.29p = .197, and father education level(9) = 13.84p =
.128. There were statistically significant differences between grougefder, ? (2) = 40.62p
<.001, race,? (6) = 19.73p = .003, and ethnicity, (3) = 9.97 p = .019. For gender, the SLD
Writing group appeared to have a substantially larger proportion of males (74.50%pthan w
present in other groups. This difference is consistent with previous resadicziing that the
ratio of males to females for written expression disorders is approxyndabel (Fletcher et al.,

2007). The clinical groups had slightly higher proportions of Caucasian individuals giutty/sli
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lower proportions of individuals from a Hispanic origin, suggesting that thd eaasthnic
backgrounds of the individuals in the SLD groups were slightly different than time ¢foup.
Previous research has shown that the constructs measured by the Whlhaaat across
gender (Keith et al., 2008) and the structural relations between cognitive agnkaoémnt
variables were invariant across ethnicity (on the WJ-R, Keith, 1999), thus this shobé&larot
issue in the current analyses.

Even after removing comorbid academic disorders, there were a substanbal mim
individuals with secondary and tertiary diagnoses. These comorbid diserdeded Attention
Deficit-Hyperactivity Disorder (ADHD), Expressive Languagsdder, Expressive/Receptive
Language Disorder, Anxiety Spectrum Disorder, and Depressive Disbhaeproportions of
individuals with secondary and tertiary diagnoses are included in Table 2. ThRe&ziding
group had the highest proportion of individuals with a secondary (26.11%) and tertiary)(6.11%
diagnoses. The SLD Math and SLD Writing groups had similar frequencoesniforbid
disorders, where approximately 10% had secondary diagnoses, and 4% had for tertiary
diagnoses.

Measurement Instrument

The WJ-III consists of two different test batteries, the WJ-IItsTes Cognitive Abilities
(WJ-11l1 COG, 30 tests) and the WJ-III Tests of Achievement (WAQH, 22 tests). These tests
are designed to measure seven broad CHC cognitive abilities (Gf, Gc, Gas,&sm, Glr) and
four areas of academic achievement (Reading, Writing, Mathematet§ral Language). In
addition to the broad CHC abilities, the WJ-IIl is also able to measure a nunizerak
abilities, which are described below. The WJ-11l is one of the mosbfexbgnitive ability tests

because of the wide variety of tests and abilities it measures.riedeaged positive reviews
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from independent sources, and it a widely-used measure of cognitive and achigazeht
2003; Sandoval, 2003).

The technical manual for the WJ-11l (McGrew & Woodcock, 2001) indicates that the
subtests and composite scores are reliable and valid measures of cobitities across the
lifespan. Reliability estimates for all test scores are above .74, wighlmtween .80 and .90. A
number of exploratory and confirmatory factor analyses using tests fromJi and other
well-established cognitive batteries (e.g., WISC-IlI, Differal Ability Scales) provide evidence
that the tests from the WJ-11l measure similar abilities as offten used intelligence tests. In
addition to the reliability and validity evidence for scores from the Ny3dveral aspects of the
WJ-IIl make it especially desirable as a measurement instrumenséareh. It is the first test of
cognitive abilities to be designed specifically based on CHC theory (McG885; McGrew &
Woodcock, 2001). Initially, Gf-Gc theory (Horn & Cattell, 1966) guided the developmeim of t
Woodcock Johnson Psychoeducational Battery—Revised (Woodcock & Johnson, 1989) and
subsequently CHC theory guided development of the WJ-III (Woodcock et al., 2001). The
normative sample for the WJ-IIl includes over 8,000 individuals, which is very lalajese to
most test batteries. The normative scores for the WJ-IIl weréhteeidpased on 11 demographic
variables from the 2000 United States census, including census region, commanggsiz
race, Hispanic (Yes or No), type of school, type of college/university, ednatadults,
occupational status of adults, occupation of adults in the labor force, and foreign born. In 2007
the standard scores were reweighted and recalculated in light of populatigeshanording to
the 2005 census (WJ-IIl Normative Update, WJ-1lIl NU, McGrew, Schrank, & Wmbgd@007),
and all scores in the current study are based on the WJ-IIl NU. FinallyHiesement and

cognitive batteries were co-normed, making it an excellent instrumediaignostic decision
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making because discrepancies and patterns of strengths and weaknesses cdrobe base
discrepancy norms created from the normative sample (McGrew et al., 2007).
Group Selection

Several decisions were needed to carry out analyses with the availablessarhpl
clinical sample for this study, as a whole, is large and offers several ®fuicanalysis. The
only major study which has examined factorial invariance on a cognitilieesttest between
individuals with and without SLD is Bowden and colleagues (2008). In their study, the
individuals with SLD were analyzed as a single group, and the authors did not syesifier
the individuals in the SLD groups were from a single category or if they exhibffeeulties in
different categories (e.g., SLD in reading, mathematics, etc.).@p@tiant and unique aspect
of this research was that data from children and adolescents with SLD diagniessesing,
mathematics, and writing were analyzed as separate groups. Reseafobvraghat different
academic skills are influenced by different sets of cognitive abiligey., McGrew & Wendling,
2010) and it has also been shown that SLD in different academic domains are exsattiat
different cognitive strengths and weaknesses (e.g., Compton et al., in press)

A second issue which must also be addressed here is related to selection. Groups in
studies are often from well-defined subpopulations, such as gender, culturalestagesgroups.
In these cases, selection should not be an issue because the groups were not ecthted dir
the variables of interest, that is, groups were not created based directly fic sgs@cores
used in the analysis (e.qg., all individuals with scores below 80 on Letter-Wartifitd¢ion are
in the SLD Reading group). It has long been known that if individuals areexktedbe in
groups based directly on the variables which are to be analyzed, this affeciselsional

structure of the variables in the analysis (Pearson, 1903; Cohen, 1983). Many timasiprobl
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arise because researchers analyze correlations matrices andften distorted due to
restriction of range. Any selection effects which may be present do notheasame influence
on unstandardized parameters as they do on standardized parameters (Keith, 2006, p.$86). This i
because the change in standard deviation for truncated variables has a stroog effec
standardized parameters, but not on unstandardized parameters. Therefosmaowaairices
will be used, and factorial invariance will be evaluated, not assumed, in this study
Missing Data

Many methods are available to handle missing data, including listwise wigeair
deletion, mean or regression substitution, expectation maximization substitutionyléiptem
imputation (Baraldi & Enders, 2010; Enders, 2010; Graham, Hofer, Donaldson, MacKinnon, &
Schafer, 1997). Many disadvantages are found with the deletion and substitutiodsnet
including a loss of power and biased parameter estimates, including the stincptiss of
Missing Completely at Random (MCAR) that is rarely satisfied in pa¢Baraldi & Enders,
2010, Graham et al., 1997). Currently, the recommended practices for missing datalee of
multiple imputation or maximum likelihood estimation (Enders, 2010). One of the major
advantages to CFA and SEM methods is that most programs utilize the maximum likelihood
algorithm to estimate model parameters. Maximum likelihood does not reqLeseveidis
missing data to be deleted and it uses all the information provided in the data tteestima
parameters which will best reproduce the sample data (Baraldi & Enders, 2010)

One issue with missing data is the manner in which the data is missing, thatisgrwhe
the missing values are directly correlated to other scores used in thesafdlgse are three
different types of missing data (Enders, 2010): Missing Completely at RandGARM

Missing at Random (MAR), and Missing Not at Random (MNAR). MCAR indicates that
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missing data on one variable (y) is not related to any other variables usedtudthétsssing
values are randomly distributed among the dataset. MAR indicates that ndig&srfgr one
variable (y) may be related to values of another variable in the analydsi(xhe probability
that a value is missing is not related directly to the value of (y) itsglf (eose with lower
values of y have more missing data than those with higher values on y). Falexamsing
data on a reading test may be related to scores on a math test taken metheos@ of
individuals, but the probability that data are missing is not related to perfagroartbe reading
test itself (Enders, 2010). Finally, MNAR data occurs when the missing valuesatfle y are
related directly to the values of y itself (e.g., those with lower valueshawe more missing
data than those with higher values on y). For example, for data to be MNAR some idsglividua
may have missing data on a reading test because they could not finish biaseesbn poor
reading skills. In that case, the probability that a value is missingedlglirelated to the
variable itself.

Unfortunately, it is not possible to formally test the MAR and NMAR hypothlesesuse
the data which would be necessary to test these hypotheses are misgitg.tDisssome
methods are available to examine missing data. One is to create groups bassihgnamd
nonmissing values for one variable (y), and test the mean differences for allaribbles
between these groups. However, when a large number of variables are includedatytis, a
this method quickly becomes difficult to examine. In addition, this approach doeketitea
correlation between variables into account, and although many significantraiferare found,
only one mechanism may account for missing data (Enders, 2010). Littldgrts6TAR
(Enders, 2010; Little, 1988), which examines this method as a single test, will be ussd in t

study to examine the MCAR hypothesis. If this test is not statistiaghyfisant, it indicates that
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missing data is MCAR, which is unreasonable in many situations. Maximurhdi&dlrequires
the less strict assumption that data are MAR, so a significant valugtles MCAR test does
not rule out the possibility that the data are MAR. Other methods for deatmgeomplete
data, such as deletion methods, require the strict assumption of MCAR.

Model Evaluation

Several indices are available for evaluating CFA and SEM models. Theonastonly
used statistic is thée test, although this is well known to be very sensitive with large sample
sizes (Brown, 2006; Kline, 2011). However, this test is commonly used and reported, and is
useful for comparing models, and it will be reported here. Several other goadifiessdices
will be used in addition to the to examine model fit. These include the comparative fit index
(CFlI, Bentler, 1990) and the root mean square error of approximation (RMSEkgferStd.ind,
1980). The RMSEA used in the multi-group model will be corrected for multiple groupse whe
the RMSEA value is multiplied by the square rooKajroups (Steiger, 1998). The Akaike
Information Index (AIC, Akaike, 1987), Bayes Information Index (BIC, Sclayd®78), and the
sample size adjusted Bayes Information Index (aBIC). The likelihomdtest will be used to
compare models.

Schermelleh-Engel, Moosbrugger, and Mdller, (2006) provided some guidelines for fit
indices. For the CFI, values above .95 indicate acceptable model fit, while values alsree .97
indicative of excellent fit. For the RMSEA, values below .05 indicate close fite waiues
between .05 and .08 are acceptable. The AIC, BIC, and aBIC are unstandardizecmeats
and does not have a fixed scale, but they are helpful for comparing non-nested models whic
may not be directly comparable. For the AIC, BIC, and aBIC, smalkivelvalues indicate

better model fit.
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Although there have been rules of thumb for fit indices, several studies suggdstdbat
should not be interpreted without considering other factors, such as the number of viaxiables
the model and model complexity (Kenny & McCoach, 2003) and the size of factor loadings
(Heene, Hilbert, Drazler, Ziegler, & Buhner, 2011). Specifically, Keaamy McCoach (2003)
show that CFI values tend to show degradation in fit when a greater number of sarable
included, whereas the RMSEA tends to show an improvement in fit with more variables.
Likewise, Heene and colleagues (2011) show that models with moderate totlmwdadings
(greater unique variance) tend to show a decrease in CFl values, although show amegrove
in RMSEA values. Previous CFA research with the WJ-IIl which have used a larpemnoim
variables (Floyd et al., 2007; Taub et al., 2008) have had adequate values for the RMSEA
SRMR, although they have had lower values for the CFl (e.g., close to .90). THie dag to
the large number of variables used in the analysis and presence of modévateddmgs.
Therefore, setting an absolute value of .95 for the CFI for acceptable ntadélribt be used in
this study, rather a preponderance of information obtained from all fit inditdsewonsidered
in the context of the complex model which will be used here. CFI values approaching 85 wil
desired, but this will not be used as an absolute.

The 2, CFI, AIC, BIC, and aBIC will primarily be used to compare differences
between models in the measurement invariance portion of the study. Becadse feasitive
to small differences and changes in model fit, a significance level of .0ddevget for all
invariance tests based on the relatively large sample and complex models thsedtudy. This
level is additionally chosen based on the large number of comparisons which will béngdcurr
this study. Previous studies have also used similar significance levéis for’t(Keith, et al.,

2010; Keith, et al., 2008). According to Cheung and Rensvold (2002), the CFI was one of the
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best performing indexes in a simulation study, and they recommended that aiohaRgef
more than .01 indicates a significant change in model fit. French and Finch (2@i@éjed that
this value had a slightly inflated Type | error rate in their simulation siMdgde, Johnson, and
Braddy (2008) suggested that @FI which is less than or equal to .002 suggests very minor
changes in model fit, but this value is very strict. Other studies have usedRhegalue of .01
as an indication of a substantial change in model fit (Bowden et al., 2008; F. F. Ch&0@5xr
so a value equal to or approaching .01 for tB&1, used in conjunction with the % will be
adopted for the current study. When comparing the equality of structural p#tescognitive—
achievement in the second part of this study, the likelihood ratio test will be usdid for
comparisons between models. Statistically significant parameters.@bttexel will be used as
a guide for determining which relations should be included in the final model. Agaisipdsec
regarding the inclusion of model constraints will also be guided by the AIG,aBiCaBIC,
where lower values suggest better model fit.
WJ-IIIl CHC model

The WJ-Ill includes a substantial number of tests designed to measurerangdef
cognitive abilities, and these subtests can be combined to provide compositéosduots
narrow and broad cognitive abilities. This allows for a comprehensive CHC rodaekteated,
which will expand the scope of the analysis. Most of the previous research on mMmesture
invariance with the WJ-III has focused only on examining the core subtestsvgdthe
(Edwards & Oakland, 2006; Taub & McGrew, 2004). Several studies have included additional
subtests on the WJ-IIl model (Floyd, et al., 2007; Keith, et al., 2008; Phelps et al., 2005). The

subtests chosen to be included in this study will be based on these previous studiesaatwt the f
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analyses included in the technical manual for the WJ-IIl (McGrew & Wadd@001), as well
sample specific restrictions on which tests may be used (e.g., samepleoyariance coverage).
All tests from the WJ-11l and the broad and narrow abilities they measairecuded in
Table 3. When possible, narrow abilities will be included as separateVat@atiles in the
analysis. The analysis of measurement invariance with narrowesbégisentially has no
coverage in the literature, although some researchers have used models widehrnaalow
abilities when analyzing relations between cognitive and academitiesbiiloyd, et al., 2007;
Keith et al., 2008). The proposed CHC model for this study includes 27 subtesthdravi-ll
cognitive and achievement. The seven broad abilities mentioned previously willuzkethmn
the model (although Gv is measured solely by visualization subtests, makingasaraof the
narrow ability factor VZ), and this will also include 11 narrow abilities a.When there are
two subtests which measure a narrow cognitive ability, then a narrovy &igint variable will
be included in the model. For example, with Gs there are two subtests which measptipke
speed, Visual Matching and Cross Out. These two subtests will be includedemt adaiable
representing Perceptual Speed, and then Perceptual Speed will load on Gs. Tveststher t
Decision Speed and Pair Cancellation measure different narrow abpdaitie will only load on
Gs. The purpose of including narrow abilities is because there has not besrgdastus on
narrow abilities in the investigation of the relations between cognitiviéiebénd achievement
with groups of children with SLD. Additionally, more recent research has stegggnat specific
cognitive deficits may underlie SLD (Compton et al., in press). By includstg véhich allow
for the measurement of narrow abilities, this will help illuminate sontleesfe possible
differences. For the second portion of the study, five areas of academiceanhin will also be

included in the model using tests from the WJ-IIl ACH. The five achievemeas are Basic
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Reading Skills (BRS), Reading Comprehension (RC), Math Calculation SkillSYM®plied
Math (MR), and Written Expression (WE).

Question 1: Does the WJ-1Il CHC model have a similar covariance struct@ among groups
of children with and without SLD?

To examine the covariance structure of the WJ-III factor model, invariasisen® be
used to test whether certain parameters in the model are equal acrossTdreupain focus of
this investigation is to determine if the covariance structure is siamtang groups, and the
mean structures will not be tested in this analysis. Invariance of tioe i@adings is necessary
for quantitative comparison regarding the factor variance and covariamcethus these tests
will be of particular interest for examination of the relations betweenittogy and academic
skills in the next part of the study.

The order in which measurement invariance is tested will follow typisabreh on
measurement invariance with cognitive ability tests (e.g., Bowddn 2088; Keith et al.,

2010), where factor loadings will be tested before residual variances rsmpiecedures used
by Keith et al. (2010); however, tests of mean structures and measuremeapisterere not
included because the purpose of this research was not to evaluate the measuremias pfoper
the WJ-III, but to ensure the constructs were similar across groupsdAthder model which
includesg will be used because this is the model that will be used in the second part of this stud
The following steps will be used for this analysis:
Tests of factorial invariance

1. Configural Invariance The model for each group will be estimated simultaneously using

the same factor model. No parameters estimated within groups will be coedt@ibe
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equal across groups, other than those used for identification purposes, will be included in
the model for this analysis.

2. Invariance of factor loadings (weak factorial invariancéhe invariance of factor
loadings will be tested in three phases: 1) The equality of factor loadorgghe narrow
abilities to the subtests will be tested to determine if the subtests whaduraehe
narrow ability factors are equal across groups, 2) The factor loadings siilbkests on
the broad abilities (subtests which do not load onto a narrow ability factor) leesswie
factor loadings narrow abilities on the broad abilities will be testedjizalgey, and 3)
The factor loadings of broad abilities gmvill be tested for equality. If a statistically
significant change in model fit occurs at any point in these threesasaindividual
parameters will be freed to determine which may be leading to model misfit.

3. Invariance of subtest residuals this model, all subtest residuals will be constrained to
be equal across groups. This test of invariance is very stringent and is noanetess
compare relations among latent variables.

Tests of equivalence of substantive parameters:

4. Invariance of narrow and broad ability residualghis model will also consist of two
phases. First, the residual variances of the narrow abilities will be @ioestito be equal
across groups, and second the residual variances for the broad abilities will be
constrained to be equal across groups.

5. g variance.In the final step of the examination of the covariance structure, thaec@ria
for g will be constrained to be equal across groups.

Question 2: Does group membership moderate the relations betwegpesific CHC abilities

and academic skills among children with and without SLDs?
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The second part of this study is designed to determine if relations betweeveogni
abilities and academic skills are the same between children with and wihbuHere, the
second-order model from Question 1 will be used, and a set of tests will be condutachine
the relations among broad and narrow CHC abilities and different acadelsicAsikulti-group
model will also be used for this analysis, except structural relations lretogeitive abilities
and academic skills will also be modeled. Five academic skills will bmiard: Basic Reading
Skills (measured by Letter-Word Identification and Word Attack), Rep@iomprehension
(measured by Passage Comprehension and Reading Vocabulary), Math Calcullision Ski
(measured by Calculation and Math Fluency), Applied Math (measured byydppioblems and
Quantitative Concepts), and Written Expression (measured by Writing Saamul&Vriting
Fluency). A separate analysis will be completed for each academhi&akh of these skills will
be examined through a series of steps designed to elucidate which cognitiies aibé related
to the academic skills.

1. Backward SelectiarFirst, a backward selection method will be used to initially
determine which cognitive abilities are related to each academicoskifidividual
groups. Academic skills will be regressed on all of the cognitive asiliticluded in the
model simultaneously, and structural paths will be sequentially removed umgtil onl
statistically significant paths remain. Path removal will begin viiéhgath with the
highest negative non-statistically significant path. The new model willlibesstimated
and the next path with the highest negative estimate removed. This wilda¢aé until
all remaining paths are positive. Next, each path which is not statissaaiificant at
thep < .05 level will be removed using the same type of sequence, where paths that ar

not statistically significant and have the smallest standardizexts¥Wd! be removed
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until all remaining paths are statistically significant. The bactvgatection method will
be used for each group separately to identify which cognitive—achievemeiatnelat
should be included in the multi-group model. The backwards selection method has been
used in previous research on the relations between CHC abilities and acadiésitic ski
determine which cognitive abilities relate to academic skills (ellgpt Et al., 2010;
Floyd et al., 2007). This method was chosen because it is better able to control for
specification error compared to forward selection methods (Keith, 2006). The purpose of
this step will be to determine which structural paths are statigtsignificantly different
from zero within each group.
. Multi-group model Once the backward selection has been completed for each group, all
paths from cognitive abilities which were statistically significailitlve included in a
multi-group model and freely estimated across all groups (e.g., all paitts wdre
statistically significant for the Norm group will be estimated forNoem, SLD Reading,
SLD Math, and SLD Writing groups simultaneously). A series of stepdwiierformed
to determine if the magnitude of the structural paths is statisticaflifisantly different
across groups. These are interpreted as tests of moderation, wheagtiteide of the
structural paths depends on group membership. Because researchers appndaskssuc
in different ways, by either adding equality constraints to a set of patlyso@gbning
with all corresponding paths constrained to be equal across groups and releasing
constraints, both ways will be employed in this study for purposes of comparison.
a. Individual path constraintsAll structural paths identified as statistically
significant for at least one group in the backward selection will beyfreel

estimated across all groups in the multi-group model. Equality constraihtzewil
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added to each corresponding structural path individually across groups to
determine if the magnitude of the relation is equal across groups. Acaétist
significant degradation in model fit suggests that group membership moderates
the relation between the cognitive ability and the academic skill. Addity, if

the path was statistically significant for a specific group in th&was

selection, then the path will be freely estimated for that group while it is
constrained to be equal for the other groups. For example, if the path from Gc to
Reading Comprehension was statistically significant for the SLD Rggdoup

in the backward selection, this path will be included in the multi-group model and
estimated freely for all groups. First, the path will be constrained to be equal
across all groups. Then, because this path was statistically sighficahe SLD
Reading group in the backward selection, a second model will be estimated where
the path from Gc to Reading Comprehension will be freely estimated for the SLD
Reading group, but constrained to be equal for all other groups. If allowing this
path to be freely estimated for the SLD Reading group results in a saliistic
significant improvement in model fit, it suggests that the magnitude of this
relation is statistically significantly different from the otheogps. This test is
determining if the magnitude of the relations between cognitive abilitees an
academic skills are moderated by group membership. Such moderation is
implicitly assumed by modeling the groups separately, but this will provide a
formal test.

. Sensitivity analysidA sensitivity analysis will be completed to verify the findings

from the previous procedure. The purpose of the sensitivity analysis is to start
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from a different assumption. In this analysis, all structural paths whigd we
statistically significant for any group during the backward selectitrbev

included in the model. Rather than allowing all structural paths to be freely
estimated within groups as the initial model, all structural paths entcained

to be equal across groups. Then, the equality constraint on each corresponding
structural path will be released one at a time. A statisticalhjfgignt

improvement in model fit indicates differences in the magnitude of thiorela
among groups. If the path is statistically significant for an individual gnotipei
backward selection, then the equality constraint for that path will be released f
the individual group. For example, if the path from Gc to Reading Comprehension
was statistically significant in the backward selection for the SL&dRg group,
then it will first be freely estimated for all groups, and last it aldlo be freely
estimated for the SLD Reading groups only. If there is a statigtmghificant
improvement in model fit when the equality constraint for the single group is
released, then it suggests that group membership moderates the relation betwee
the cognitive ability and the academic skill. The primary purpose of this analys
is to verify the results from the previous analysis using a similar guoegbut
instead starting with all paths constrained.

Final model specificatiarA final model will be estimated using the findings from
the previous two analyses. All paths which did not result in a statistically
significant change in model fit when constrained to be equal across grolubs wil
included in the model. Additionally, any individual path constraints which

resulted in statistically significant changes in model fit will be includate
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final model as well. For example, if model fit improved by allowing the patmn fr
Gc to Reading Comprehension to be freely estimated for the SLD Reading group
only, then this path would be free for the SLD Reading group and constrained to

be equal across all other groups.
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Chapter IV: Results

Missing Data

Missing data analysis was completed to determine the amount of missimg ttheata
samples used for the current analysis. Overall, 22.5% of the data for the 37 vévidelesed
were missing, and 36.1% of cases had complete data on all variables. estléts Missing
Completely at Random (MCAR) was statistically significant for thtire sample # (3710) =
4555.06p < .001, suggesting that the data cannot be assumed to be MCAR. Missing data
analysis was also completed at the individual group level to determine the amousgingm
data in the different samples and whether the data was MCAR. All variahies were used in
the analysis, including both cognitive and academic variables, were included iisshegrdata
analysis. In the Norm sample, 107 (35.7%) of cases had complete data on all vanables
overall 21.1% of the data were missing. Little’s MCAR test was sigmific? (2018) =
2284.034p < .001, which indicates the data cannot be assumed to be MCAR. In the SLD
Reading sample 55 (30.6%) of cases had complete data on all variables, and overall 3%3% of t
data were missing. Little’s MCAR test was significafit(1214) = 1345.112% = .005, indicating
that the data cannot be assumed MCAR. In the SLD Math sample 53 cases had cotaplete da
(22.9%), while overall 23.8% of the data were missing. Again, Little's MCARwas
significant for this group,? (773) = 965.459% < .001. Finally, for the SLD Writing group,
Little’s MCAR test was not significant? (797) = 828.607p = .212, 96 cases had complete data
(64.4%) and overall 11.8% of the data were missing.

It is not possible to directly test whether data are MAR (Enders, 2010). Howevause
the individuals used in this study are gathered from a variety of clinics@ndHe normative

sample for the WJ-III, there is no strong reason to assume that a pameglaanism within the
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study is directly related to the missing data. Clinics may differ on whilnpg of subtests they
administer to clients, or different subtests may have been administerezhtse bhsed on
suspected disability. These reasons for missing data would not be dirextthy tel scores on the
tests used in the study. Such an influence should not influence the likelihood of the MAR
assumption. Moreover, it should be noted that the subtests with the greatest amounhgf missi
data were supplemental subtests from the WJ-11l Diagnostic SupplememofEheognitive
subtests of the WJ-IIl tend to have larger percentages of data in each obDtlgeaBps. This can
be likened to a reference variable approach, where all or most individuals in thbatedy
complete data on a core set of variables which are most important to the con$intetest
(e.g., WJ-1ll core cognitive subtests), and other variables in the modedtareeasured for all
individuals, but are measured for a portion of individuals. McArdle (1994) showed that the
reference variable approach has similar results when compared to modelsmpthte data.
Moreover, although different subtests may have been administered to cliat®hasispected
disability, such decisions should not affect the MAR assumption because each ackdeisic
analyzed separately. Thus decisions were not directly related to individued n the subtests
or to the probability that data are missing. For data to be MNAR, a mechanisns sisctam
tests not being administered because of a particular score on a subtest orteamspdsi the
study. Regardless, more traditional techniques, including deletion methods, meadatsrsir
regression substitution all assume that data are MCAR, which was not met grbupk. The
use of maximum likelihood estimation is the most appropriate method for handlingoilet®m
data in this study, as the data are assumed to be MAR.

Univariate Descriptive Statistics
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Univariate skewness and kurtosis values of 2 and 7, respectively, may be praiemati
maximum likelihood estimation (Curran, West, & Finch, 1997). All variablesthe criteria for
ML estimation for skewness (values were between -1.39 and 1.52 for all groups, ciablésia
and kurtosis (values were between -.754 and 6.00). Means, standard deviations, percentage of
data available, skewness, and kurtosis values for the Norm and SLD Reading ggoups ar
presented in Table 4, and these results for the SLD Math and SLD Writing greupsTable 5.

Standard scores, which have a mean of 100 and a standard deviation of 15, were used in
this study. Minimum and maximum values for each variable were examined to idetdramy
values appeared to be out of range. One value appeared to possibly be a dataemtrherr
SLD Writing group for Visual-Auditory Learning. This value was a steiddcore of 4.94, which
was az-score of -5.49 in SLD Writing group. Because this value was extreme akelynti
was removed from the analysis. Univariate outliers were identified ébr\eaiable through the
use ofz-scores. These were calculated for each variable and each group separgitedlue
which was greater than +/- 3.29< .001) was flagged as an outlier, although for studies which
use larger sample sizes some outliers would be expected (Tabachnik & Fidell, T2@07)
number of outliers for each variable ranged from zero to four in any single groupngiea s
variable, and on average there was less than one outlier per variable in eacBegaupe there
were only a small number of outliers, they were left in the initial analysigler tw preserve as
much data as possible. All models were run both with outliers included and with outliers
removed to determine if there were any substantive changes in the findings bdsedeomot/al
of outliers. There were no differences in substantive findings when outliezsnegrded or
excluded from the models. Therefore, the results which included outliers in thsisiaad

reported here.
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Question 1: Does the WJ-1Il CHC model have a similar covariance struct@ between
groups of children with and without SLD?

Individual Group ModelsThe initial CHC model is presented in Figure 1. It includes 27
subtests, nine first-order narrow ability factors, six second-order brdag tutors, and a
third-orderg factor. Each of the narrow ability factors is indicated by two subiEstse are
only six second-order broad ability factors because the tests used for meastgdGir a
measures of VZ. Thus, this factor is best defined as a narrow abilitg Weee two cross-
loadings to subtests which were included in the initial model based on previous research
(McGrew & Woodcock, 2001), including a cross-loading for Memory for SentenceS and.
MS, and a cross-loading for Cross Out on both PS and VZ. Cross-loadings wererednside
acceptable in this study because it is unlikely that cognitive tests armpaseires of a single
construct, and simple structure may be an ideal that is not always acmeuradtice (Meredith
& Horn, 2001). Because the purpose of this research was not to evaluate the structutesdf t
itself, but to investigate the relations among the latent constructs, suctoadisgs were
considered acceptable because forcing simple structure when it is not egeno@ry inflate
correlations among factors. Additionally, the narrow ability RN for thelNMdaded both on Gc
and Gs (Kaufman, Reynolds, Liu, Kaufman, & McGrew, in press). This is difféx@an other
research which has loaded RN on GIr. The loading of RN on Gc for the WJ-III isteonsvith
the test content, which includes Rapid Picture Naming and Retrieval FliBathyof these tests
are influenced by background knowledge, and therefore the loading on Gc is wakanted.
loading on GlIr was included, but this loading was not statistically signif(pant05 for all

groups), while the loading from Gc to RN was statistically significanafayroups p < .01).
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Before testing for factorial invariance, a WJ-1ll factor modes Wtted to each group’s
data individually to determine if the proposed model was appropriate for the anéhgsie were
several group specific model modifications which needed to be made in order to olgaiat@ade
model fit for all groups. For the Norm group, the residual variance for Verbal @bemmion
was negative, indicating a possible problem with the factor VD. A negagsidual variance on a
measured variable indicates that it is perfectly correlated with th@,faaggesting that the
variable is perfectly reliable. Because this is highly unlikely, it is mkedy that there is a
problem with the factor VD. The problem was likely due to the shared contenebetedal
Comprehension and Picture Vocabulary (Verbal Comprehension includes a Yctaielary
component). The VD factor was removed, and both factor loadings for Verbal Congoshe
and Picture Vocabulary were loaded directly on Gc. In this model there wassges b negative
residual for Verbal Comprehension. This same issue was found when all groapested
against the initial CHC model, so the VD factor was removed. Both Verbal Cloemsien and
Picture Vocabulary loaded directly on Gc in all subsequent models.

The residual variance for PC in the Norm group was fixed to zero because it was
negative. This negative variance is referred to as a Heywood case, and hasl acqguae@ous
research with the WJ-1ll (e.g., Floyd et al., 2008; Taub & McGrew, 1996). Ttoldgon is not
uncommon in models which include only two indicators on a factor (Loehlin, 1998). Heywood
cases were noted, and if Heywood cases were present for other groups, then can8igaini
residual variance to zero for all groups was considered. In this model, faemgdidual
variance of a narrow ability to zero effectively removed that factor fremtodel. Statistically
significant residual covariances in this model were between Gc and Ga, Gt &ict@e

Vocabulary and Verbal Comprehension, Picture Vocabulary and General Itiorméasual
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Matching and Numbers Reversed, Number Series and Visual Matching, and Natbees
and Pair Cancellation.

In the SLD Reading group, the residual variance for Memory for Words wasveggati
indicating a possible problem with the MS factor. This was possibly due to thdaadsgy for
Memory for Sentences on LS and MS. The paths for this cross loading werdsetqual to
each other, which did not result in a statistically significant change in madmidithere was no
longer a negative residual variance for Memory for Words. Three aadsifjs were necessary
for this group in order to obtain adequate fit. These included Visual Matching on B (the
use of numbers on Visual Matching), Auditory Attention on Gs (processing speed @ay be
factor in this test because the examinee must respond within a short amount of dia¢heef
next item is presented), and Story Recall on Gf (Story Recall has been rel&ted previous
research, Keith et al., 2008). The residual variances for the LS, PC, and Gb feete set to
zero because the standardized loadings were greater than one. Statssgicdibant residual
covariances for the SLD Reading group were between Gc and Ga, Verbal Comjorelaad
Picture Vocabulary, Picture Vocabulary and General Information, Numagices and Pair
Cancellation, Oral Comprehension and General Information, and Spatial Retattbhemory
for Sentences.

The model with the cross loadings from the SLD Reading group was used to estenate t
model for the SLD Math group. In the SLD Math group no additional cross-loadings were
necessary for adequate model fit. The cross-loadings for Visual MgtwhiRQ and Story
Recall on Gf were not statistically significant in the SLD math group. Tloasknlgs, however,
were retained until they could be tested in the multiple group model. These loadingstrha

statistically significant due to lack of power in the single group model, or thgymimportant
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in the SLD Reading Group, but not the SLD Math group. The residual variances for PS and L
covariances were between Gc and Gf, Verbal Comprehension and Picture Vg &hictiare
Vocabulary and General Information, Visual Matching and Numbers Reversed, NJiatibees
and Pair Cancellation, Academic Knowledge and Story Recall, Decision SpeedtarddR
Fluency, and Oral Comprehension and Memory for Sentences.

For the SLD Writing group no residual variances were negative. All pathsross
loadings which were identified in the SLD Reading group model were statissgnificant for
the SLD Writing group. Statistically significant residual covarianoehe SLD Writing group
were between Gc and Ga, Gc and Gf, Visual Matching and Pair Cancelatzalemic
Knowledge and Story Recall, and Retrieval Fluency and Memory for Sentences

A model was created which included all residual covariances which westichli
significant from the individual group models. Because PC and LS had either negsitival
variances for more than one group or were not statistically significantlyeitffeom zero in the
other groups, these residual variances were set to zero for all groups. Byhakitie factors of
PC and LS are perfectly correlated with their corresponding broad faantdrthe factors
essentially collapsed, which resulted in six narrow ability factorsfiheemodel to be used in
the study is presented in Figure 2. Each group was individually tested agaiodékwhich
included all the residual covariances identified above, whether or not thetagstically
significant in that group. Model fit statistics for each individual group asgmted in Table 6.
The Norm group and SLD Math group had the best model fit overall, while the SLD Reading
and SLD Writing groups had adequate fit. Next, the multi-group model wasctteatst for

measurement invariance.
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It should be noted that the purpose of this study was not to investigate evertioarrela
between specific factors (residual variances) or cross-loadings ahdests on broad or narrow
factors. Specific factors are likely to arise when a large number oblesiare included in the
analysis, and it is not surprising that they may crop up when studying diffeoaipisgiMeredith
& Horn, 2001). Small adjustments made within each group should not detract from the study of
the common factors, which have been found in many studies (e.g., Carroll, 1993). The findings
do, however, suggest that these specific factors may require more investigdtitume research
in which the factor structure of the cognitive test is the focus. Most of tlteiaésiovariances
included in this study were between subtests with shared content (e.g., Yoctlalary and
Verbal Comprehension) or shared method/stimuli (e.g., subtests which rely on slumber
including subtests such as Number Matrices, Numbers Reversed, and Visual Nagtdng
were generally small in magnitude. It would be important that they appeanwy ether studies,
and not simply due to differential sampling.

Results of Factorial Invariance Tests

Configural modelThe Configural model, in which all parameters were freely estimate@b&etw
groups, fit fairly well according to fit indices? (1171) = 1659.2% < .001, CFI = .939, adjusted
RMSEA = .044, AIC = 6457.29, BIC = 17871.96, aBIC = 10253.38 (see Table 7, Model 1
[7.1Y). Because the Configural model fit relatively well, further tests ctbféal invariance were
conducted.

Invariance of narrow ability factor loading$he corresponding factor loadings from the narrow
abilities to the subtests (KO, LS, RN, PS, MS, RQ, MA, and PC) were constraineddodbe

across all groups. Based on the criteria set previously, there was nateaigtsignificant

! Note that 7.1 indicates that this is the first midd Table 7. This notation will be maintaineddabhghout the
Results and Discussion sections.
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change in model fit when compared to the Configural modél(33) = 54.17p = .012 (Table
7.2). This finding suggests that the factor loadings from subtests to the naribesabe equal
across groups.

Invariance of broad ability factor loadingall corresponding factor loadings from broad
abilities to both subtests and narrow ability factors were constrained tuélkeaeross groups.
Adding these constraints did not lead to a statistically significant degnadaimodel fit, 2

(46) = 53.05p = .221 (Table 7.3), which suggests that all factor loadings for the subtests are
invariant across groups. With these equality constraints, all factor loadangsstatistically
significant. This finding suggests that the cross-loadings included in thieysenodels are
important across groups, and non-statistically significant factor Igadam individual groups

may have been due to a lack of power within each group.

Invariance of g factor loading€orresponding paths frogito the broad abilities were
constrained to be equal across all groups. These additional constraints ledrtp statestically
significant change in model fit according to the likelihood ratio test basdteamiteria set

above, ?(18)=42.01p =.001 (Table 7.4). However, the change in CFl was -.003, which was
smaller than the criteria of -.01. Additionally, the BIC and aBIC wereddarethis model
compared to the previous model, and the BIC and aBIC indicated that this was th#ifgpst fi
model out of all the invariance tests previously conducted. Based on the preponderance of
information for these fit indices the factor loadings were judged to be edlyegqual. This

finding suggests that the influence of the latent factors on the subtesenigadiysequal among
the groups. Different ways of identifying the model (e.g., using differdstests to scale the
factors), will result in the same rescalings of parameters withimssaaple. Or simply, the latent

constructs are the same across groups and quantitative comparisons of fectoesand
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covariances across groups are valid. Therefore, the second portion of thiiitbdypossible
once it is determined that the achievement factors are also invariant.

Equality of subtest residualEquality constraints were placed on all corresponding subtest
residuals to determine if they were equal across groups. Adding theseintmetgulted in a
statistically significant change in model fit,? (80) = 299.45p < .001 (Table 7.5). Each subtest
residual was released to identify localized strain on the model. There wersubitest residuals
which resulted in a statistically significant improvement in model fit wheg were freely
estimated among groups. These included Story Recall (freely estimathd fdorm group

only), Rapid Picture Naming (freely estimated for the Norm group only) (Raucellation

(freely estimated for all groups), Spatial Relations (freely edathfor all groups), Number
Matrices (freely estimated for all groups), Concept Formation yfesstimated for the Norm
group only), Analysis Synthesis (freely estimated for all groupshmplete Words (freely
estimated for the SLD Math group only), and Auditory Attention (freely egéchfor all

groups). Allowing these residual variances to be free no longer resultextiaitniséically
significant change in model fit, ? (62) = 89.30p = .011. The invariance of subtest residuals is
a stringent test and not required for comparisons of latent variable covariBinisganding
suggests that there are some differences in subtest residual varranogsgaoups. Because the
differences or non-differences may indicate differences in specifr$ast error variance, some
researchers advocate that this test is not meaningful (e.g., Little, 1997). Mpnmecaeance of
the residual variances is not critically important for the overall purpose otithent research
because differences in residual variances do not affect relations betvee¢fietiors.

Results of Differences in Latent Construct Variances
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Invariance of narrow ability residual3.he next step was to determine if the corresponding
residuals for the narrow ability factors were equal across groups.€8his bf substantive
interest. Adding equality constraints to all the narrow ability resgddial not lead to a
statistically significant degradation in model fit,? (18) = 31.32p = .026 (Table 7.6),
suggesting these are equal among groups. The groups relied on a simdarfrdmege factors
across groups.
Invariance of broad ability residual&quality constraints were added to the broad ability
residual variances, and this did lead to a statistically significanadatipn in fit, ?(21) =
69.70,p < .001 (Table 7.7). Each residual was released to identify localized strain on the mode
The residuals for Gc and Ga appeared to be affecting model fit the most. BSttDiieading
and SLD Writing had larger residual variances compared to the Norm ant1&tbDgroups for
Gc and Ga, indicating more heterogeneity in those factors for those groupsdifieeseces
appeared to be the cause of localized strain on the model. When both Ga and Gc residual
variances were freely estimated across groups, there was no longmstiaahatsignificant
change in model fit, (15) = 26.39p = .034.
g variance.The final step of examining the covariance structure of the model was tcagonstr
theg variance equal across groups. This constraint did not lead to a statistgrafigant
change in model fit, ?(3) = 1.73p = .629 (Table 7.8), suggesting that all groups have similar
variability in latentg.
Summary

The model tested here met the requirement for weak factorial invariance, allifactor

loadings are invariant. The latent constructs are similar across grosesl @athese results, it
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is appropriate to move on to the second part of the study, where the relations locelyvetve
abilities and academic skills were examined.

Question 2: Does group membership moderate the relations betweeresgic CHC abilities
and academic skills among children with and without SLDs?

The second part of the study included individual academic skills in the model to
determine which cognitive abilities were related to the acadeniis akross groups. For each
academic skill, the systematic set of steps described above was condudssdify cognitive
abilities that had statistically significant effects on eacllewac skill. These models were
focused on determining whether specific factors, beypmeere important (i.e., statistically
significantly different from zero) in explaining variance in the latentlacac skills within each
group. Modeling the effects separately within groups, however, implies dwtsefire moderated
by group. Therefore, the second step of constraining paths across groups plasecbtn
explicitly test for moderation. This set of steps was repeated for thecAdemic skills being
tested in the current study.

First, it was necessary to determine if the factor loadings from th@eanbkatent academic
skills to the corresponding achievement subtests were invariant across groupsufement
model was created which included only the five academic skills and theirpmrdsg subtests.
Setting all corresponding factor loadings to be equal across groups did not lezaatisticadiy
significant change in model fit according to previously establishediaritef (15) = 35.81p =
.002, CFI=-.006. Also, the BIC and aBIC were smaller for the model witlofdcading
constraints, suggesting the corresponding factor loadings are esseqgtiallaeross groups.

Results for Basic Reading Skills
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The indicators for the Basic Reading Skills (BRS) factor were thert\ford
Identification and Word Attack subtests. Initial backward selection sisaljth individual
groups indicated that MA, RQ, MS, and KO were statistically significant fddtren group, KO,
Gsm, and PS were statistically significant for the SLD Reading group a@8rGc were
statistically significant for the SLD Math group, and RQ, MS, and KO weriststatly
significant for the SLD Writing group. These findings indicated that grdiffesed on which
specific factors had statistically significant effects on BRS whergube backward selection
procedure.

Next, a multi-group model which regressed BRS on Gc, Gsm, MA, RQ, KO, PS, and MS
simultaneously and freely within each group was estimated (see TablB&:ause KO had a
high factor loading on Gc (standardized loading = .97), the model used here was @stithate
KO alone. When KO and Gc were both included in the model and constrained to be equal across
groups, Gc was negative and not statistically significant, indicatingt timay be acting as a
suppressor variable (Kline, 2011). Gc was identified as statisticallyisagrtifor the SLD Math
group in the backward selection. When KO was included instead of Gc, there wagialaeeg|
difference in model fit. KO was retained for initial model estimation bec#wsas more
common in the backwards selection analysis. All models were reestiosatgdGce instead of
KO, and there were no changes in substantive findings. Model fit was generally litbtte® w
and based on this KO was retained for the final model.

All model results are presented in Table 8. Each corresponding structural pathdrom
cognitive abilities to BRS was constrained to be equal across groups, onmaatta tletermine
if there were differences in specific paths. If a path was statigtsignificant for a single group

in the backwards selection, the path was released for that group to determivasiktatistically
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significantly different from the other groups in the multi-group model. For exarR@ was only
statistically significant for the SLD Reading group in the backwartgeh. First, an equality
constraint was placed on the path from PS to BRS for all groups. Next, the equaditaint for
the path from PS to BRS was released for the SLD Reading group only to detetimne if
magnitude of the path was statistically significantly different froendther groups. If there was
a statistically significant change in model fit, the magnitude of tHeg#ered in the SLD
Reading group compared to the other groups.

Adding equality constraints individually on the paths from KO, PS, Gsm, MA, and RQ
did not result in a statistically significant degradation in model fit. Onlyrtbdel where the
path from MS to BRS was constrained to be equal across groups resulted stieadiyti
significant degradation in model fit (Table 8, Models 5-5c¢). MS was $tatlgtsignificant for
the Norm and SLD Writing groups in the backward selection analysis. Whendheets freed
in combination, the result was a statistically significant improvement in mib{&ble 8.5c). It
appears that the Norm and Writing groups may rely on MS for basic readisgrsiie than the
other two groups.

For the sensitivity analysis, all structural paths were constrained to dkeaegoss groups
and then the equality constraint on each structural path was released injivaldatermine if
there was a statistically significant improvement in model fit. Smaldhe previous analysis,
there were no statistically significant changes in model fit whenchaliey constraints were
released for KO, Gsm, RQ, or MA. However, there was a statistically sgmifimprovement in
model fit when the path from PS to BRS was freely estimated for the SLdiingegroup only
(Models 10 and 10a). Releasing the equality constraint on MS for all groups resulted in a

statistically significant improvement in model fit (Models 12-12c), but afigvenly the Norm
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or SLD Writing groups to be released individually did not lead to statistiaghyfisant
improvements in model fit, although when released for the SLD Writing group theechang
approached significance € .086).

The final model was estimated by constraining KO, RQ, Gsm, and MA to be equss acr
all groups (Model 15). Because releasing the constraint on PS wascsttistgnificant for the
SLD Reading group in the sensitivity analysis, and it was statistiegflifisant when the
groups were modeled separately, the path from PS to BRS was freely esfonéte SLD
Reading group and was constrained to be equal for all other groups. Additionally, because
releasing the path from MS to BRS for the Norm and SLD Writing groups atastisally
significant in the previous analyses, MS was freely estimated for ginesps and constrained to
be equal for the SLD Reading and SLD Math groups. This model was estimated, but the pat
from MS to BRS for the Norm group was not statistically significant. The foain MS to BRS
was constrained to be equal for the Norm, SLD Reading, and SLD Math groups, aneklyas fr
estimated for the SLD Writing group. There was not a statistisahjficant change in model
fit, so this constraint was retained (Model 15a). The final model is prelsenfégure 3, and
consisted of only two group specific differences. PS was freely estintatdtefSLD Reading
group, and MS was freely estimated for the SLD Writing group. This findiggests that the
effects of these two abilities on BRS are moderated by group membershiall @efindings
related to the effects that were not moderated by group indicate that spesifit abilities are
important for understanding individual differences in Basic Reading Skills, asel itifeiences
are equally important across groups.

Table 9 includes total, direct, and indirect effects from cognitive abilitieR®. Birect

effects are the direct influence of one variable on another, that is, thereastgdth from one
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latent variable to another. Indirect effects are the influence of oreble@amediated through
another variable. Total effects include both direct and indirect effects ondbgenous variable.
Both unstandardized and standardized effects from cognitive abilities to BR&®laded.
Unstandardized effects are interpreted similar to unstandardized regressfficients (Keith,
2006). For instance, the relationship between KO and BRS suggests that a one poietimcreas
KO is associated with a .312 point increase in BRS, regardless of groupl(faztoalloadings
were constrained equal across groups). The interpretation of unstandafféizisddepends on
how the latent variables are scaled. In this study, all narrow abilitiesadesl $ising observed
variables, and the effects of the narrow abilities can be interpreted appedyiorathe scale of
standard score$A = 100,SD = 15). Not all broad abilities were scaled on observed variables,
rather, some (specifically Gsm) were scaled on the narrow abilibest&ndardized effects,
several rules of thumb are used to interpret the magnitude of the effects. KeithS2§§€sts
that in research related to education, standardized effects between .05 and .09cdeeedons
small, effects between .10 and .24 are considered moderate, and effeetstiga@als are
considered large.

Similar to previous research, the total effects gfam basic reading were large, but were
only indirect, and mediated by the broad and narrow cognitive abilities (Elaht 2010; Floyd
et al., 2007). Therefore, althougthas a large total effect on basic reading, the mechanism by
which g influences basic reading operates through more specific abilitestigally significant
paths from cognitive abilities to BRS which were equal among groups werekBsiand RQ.
This suggests that the differential effects of short-term memory (whthidies both memory
span and working memory), background knowledge, and quantitative reasoning had the same

influence on BRS across all groups. These effects were all direst-t8rm memory appeared
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to have the largest effect, followed by KO, with RQ having the smallest. Tda=fff Gsm and
KO would be considered large, while the effects of RQ would be considered modeeate. T
indirect effect of Gc, which was mediated by KO, was lar¢geranged between .320 and .348).
There was also an indirect effect of Gf which was mediated by RQ, and dusve#is moderate
( 's ranged from .139 and .150).

Effects from other specific cognitive abilities were moderated by &ldDp
membership. The SLD Writing had a statistically significant path f@nin addition to Gsm,
suggesting that MS also has a unique effect on BRS. That is, in the SLD Wratinmthe
specific skill of memory span has an influence on BRS above and beyond the influerezedof br
short-term memory skills. It also indicates a larger total effect of, @Ghough the effect is
indirect. Last, the most interesting finding was a statistically fsogmit path from PS to BRS in
the SLD Reading group, suggesting that perceptual speed is a significanop&dietsic
reading skills for individuals with SLD in reading, but not for individuals without reading
difficulties. Although the findings were slightly inconsistent, the magnitfdbe effectlf =
.237; =.191) suggests that indeed the effect is important. According to Keith’s rutesds t
for influences on school learning, this effect is considered to be moderate inudagiieith,
2006). There was also a moderate indirect effect from Gs in the SLD Reaoliqmg = .155,
and this indirect effect from Gs was very small for all other grougsanged from .004-.006.
Results for Reading Comprehension

The relative effects of cognitive abilities on reading comprehensiom iwegstigated in
each group. For the Norm group, paths from Gc and PS were statisticaificarg, paths from
KO and RQ were statistically significant for the both the SLD ReadingsabdMath groups,

and for the SLD Writing group, paths from KO and RN were statisticallyfgignt. Again, these
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findings indicate some potentially moderated relations between specifiticegkills and
reading comprehension due to group membership. Similar to the BRS analysis [6ft wat

of the initial analysis because of the high factor loading from KO to Gc. All modse
reestimated including Gc instead of KO, but no substantive findings were changed. iMeds!| f
slightly better with KO, so the path from KO to RC was retained for the final model.

Results for all RC analyses are presented in Table 10. RC was regmeagdtheously
on PS, RQ, KO, and RN in the multi-group model, with all paths freely estimated guyaps
(Table 10.1). Adding equality constraints individually to each structural path didswt in a
statistically significant change in model fit for any path (Table 10.2-10tdjct8ral paths that
were statistically significant for individual groups from the backwarccelewere also tested.
The only structural path which resulted in a statistically significaptovement in model fit
when it was released for a single group was the path from RQ to RC for the @tDddrgroup
(Table 10.5a). This finding suggests that the magnitude of the path from RQ to R€rendif
for the SLD Reading group compared to the other groups. The same results wasslobtdne
sensitivity analysis, where the only statistically significant impreamnm model fit was when
the structural path from RQ to RC was freely estimated for the SLD Reading @able
10.10a). Those who have been identified as having a SLD in reading, are likely torelgm
reasoning skills for reading comprehension.

For the final model, all structural paths were constrained to be equal acrops gxcept
for the path from RQ to RC, which was freely estimated for the SLD Reading @mdup
constrained to be equal for all other groups (Table 10.11). The final model is pieadfitpire
4, and the unstandardized and standardized effects for the final RC model are preskiikd i

11. Similar to the BRS moded,had large total effects on RC for all groups, but these effects
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were indirect only. The effects of KO, PS, and RN on RC were equal acrossuaié gibut the
effects of PS and RN were not statistically significant for any graupisei multi-group model.
The parameter estimates for these would be considered to be small and potematiant, but

it cannot be said that they are reliably different from zero. Moreover, althougtatistical
significance of the total indirect effect from Gs factor was not egtunshe size of this total
effect suggests that Gs had a small to moderate total effect on RC [EeéIlaK0 had the
largest direct effect on R® € .569), and this effect was equal across all groups. Finally, there
was also a large indirect effect from Gc to RC for all grobps .680).

The most interesting finding was that the effect of RQ on RC was modeyatedup
membership. This path was equal, and statistically significant, for the NabnM&th, and
SLD Writing groups, but was freely estimated for the SLD Reading giidnvgoeffect of RQ on
RC was statistically significant and larger in magnitude in the SLRIIRg@yroup compared to
the other groups. This standardized effect would be considered large for the SlibgRgaup
and moderate for all other groups. The effect from RQ to RC also resulted ieranaigect
effect from Gf on RC for the SLD Reading groups. This finding indicates that indisinfutne
SLD Reading group who had better general reasoning skills also had betieg rea
comprehension skills. Individuals with SLD in reading may rely on their reasekiltgmore to
comprehend what they read when compared to individuals without SLD in reading.
Results for Math Calculation Skills

The backward selection procedure was completed with individual groups for Math
Calculation Skills (MCS) to determine which cognitive ability factaad Hirect influence on
math calculation skills within each group. The results of the backward eel@cticedure

indicated that direct effects from RQ, PS, and RN were statisticghifisant for the Norm
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group, RQ and PS were statistically significant for the SLD Reading grougmds&sm were
statistically significant for the SLD Math group, and RQ and PS weist&tally significant for
the SLD Writing group. These differences suggest potential heterogeneihich cognitive
abilities are related to MCS among the groups. Interestingly, theoreddietween cognitive
abilities and MCS were quite different for the SLD Math group compared to thegotiups.

For the other groups, quantitative reasoning skills and processing speed skilislated to
MCS, but it the SLD Math group background knowledge and short-term memory skills were
related to MCS.

Results for all MCS analyses are presented in Table 12. First, MC&egvassed
simultaneously on RQ, PS, RN, Gc, and Gsm in the multi-group model, with all paths freely
estimated across groups (Table 12.1). Adding an equality constraint on the path f@MGS t
resulted in a nearly statistically significant degradation in modéeldhlé 12.2). Allowing the
SLD Math group to be freely estimated while other groups were constraineddalsaleearly
statistically significant improvement in model fit (Table 12.2a). Addinggunality constraint on
the path from RQ to MCS also resulted in a statistically significant datgpadn model fit
(Model 4), and allowing the SLD Math group to be freely estimated on this pardetkttera
statistically significant improvement in model fit (Table 12.4c).

The sensitivity analysis had similar results, but several other paths dlstatiatically
significant changes in model fit. Results were similar for Gc, whézasiag the equality
constraints for all groups led to a nearly statistically significaahge in model fit (Table 12.8),
and allowing only the SLD Math group to be freely estimated on Gc also resulted ihya near
statistically significant change in model fit (Table 12.8a). There weeiatgally significant

improvement in model fit by allowing RN to be freely estimated for all grotGgsl¢ 12.9),
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which did not occur in the previous analysis. Allowing RN to be freely estimateéldd SLD
Reading and SLD Math groups individually resulted in statistically saamfiimprovements in
model fit (Table 12.9b and 12.9c). Results were similar for PS, where there was &n overa
improvement in model fit when PS was freely estimated (Table 12.10), which did notroccur
the previous analysis. Again, allowing the path from PS to MCS to be freehagsti for the
SLD Reading and SLD Math groups individually resulted in statisticaltyifezgnt
improvements in model fit (Table 12.10b and 12.10c). When the equality constraint from RQ to
MCS was released, there was a statistically significant changedalriit (Table 12.11), and
again allowing the SLD Reading and SLD Math groups to be freely estinestated in
statistically significant improvements in model fit (Table 12.11b and 12.1da)l¥iallowing
Gsm to be freely estimated across groups also led to a statistigalfycaint improvement in
model fit (Table 12.12). Allowing the only SLD Math group to be freely estimatelispath
resulted in a statistically significant improvement in model fit (Table #}.12

There were several important differences between the two analyses per&ivove.
Adding constraints individually to the model did not result in many differences &etgveups,
but constraining all groups to be equal on all paths and individually releasingyeqoastraints
did result in several statistically significant differences betweeuaps. This likely occurred
because of an interaction between groups in the pattern of equality consttdeddathe
structural paths. Because of these differences, several differentsmateltested to determine
the best-fitting model.

All differences from the sensitivity analysis were included in arainfithal model. In
this model the path from Gc to MCS was freely estimated for the SLD Math gndup a

constrained to be equal for all other groups, and the path from Gsm to MCS wasshiesyeel
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for the SLD Math group and constrained to be equal for all other groups. The paths ftom PS
MCS, RQ to MCS, and RN to MCS were freely estimated for the SLD Reading &ht&th
groups and constrained to be equal for the Norm and SLD Writing groups. When thisvasde
estimated, the path from Gc to MCS was negative and statistically sagmifor the Norm, SLD
Reading, and SLD Writing groups. Here, Gc appears to be acting as a suppagabte,

because it is unlikely th&dwer scores for Gc would be relatedHigher scores for math
calculation skills. Based on this, the path from Gc to MCS was set to zero fogtbeps, but
continued to be freely estimated for the SLD Math group. This did result instictdity
significant degradation in model fit, but because the relation would be negétioeitthe
constraint, this path was set to zero for these groups were set to zero (ThRdg. 12.

Next, equality constraints were added to other structural paths to deterthiexe ifvere
statistically significant degradations in model fit. The sensitivityyaiindicated that these
paths may be statistically significantly different from one another, bubited analysis did not
indicate any differences between groups. It is possible in the sensitnalysis that the equality
constraint from RQ to MCS across all groups was forcing differences intopatther because
there was such a large difference in the magnitude of the path from RQ tonMi&&SSLD Math
and SLD Reading groups. Adding equality constraints across all groups to the gratf\fito
MCS, PS to MCS, and Gsm to MCS did not result in statistically significangelsan model fit
(Table 12.13b-12.13d). This suggests that these paths are equal across groups, which was
expected because there were no differences in the initial analysis wheteratipaths were
individually constrained to be equal across groups.

Adding an equality constraint across all groups on the path from RQ to MCS didmesult i

a statistically significant degradation in model fit (Table 12.13e), suggektahthe SLD
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Reading and SLD Math groups are different from each other on this path. The ezpraditaint
on the path from RQ to MCS may have been forcing differences in other structhsairmpthne
sensitivity analysis. The final model was estimated allowing the Sk igroup to be freely
estimated on the paths from Gc to MCS and RQ to MCS, and the SLD Reading group lyas free
estimated on the path from RQ to MCS (Table 12.14).

The final model included equal structural paths across groups for RN to MCS, PS to
MCS, and Gsm to MCS. The path from Gc to MCS was freely estimated for th&&ttD
group only and set to zero for all other groups, and the path from RQ to MCS was freely
estimated for both the SLD Reading and SLD Math groups and set to be equal for thenorm
SLD Writing group. The final model for MCS is presented in Figure 5, anathle direct, and
indirect effects from this model are presented in Table 13. Agdiad large effects on MCS, but
these effects were indirect and were mediated by more specifieegbilihe paths from Gsm to
MCS and PS to MCS were statistically significant and equal acros®apggrWhen interpreting
standardized effects, both of these paths had moderate relations to MCS. Adgitioaall
indirect effect of Gs on MCS was moderate for all groups, and this incluegessdfiom both PS
and RN.

The path from RQ to MCS had the largest differences between groups. Thisuthagrit
this path was larger for the SLD Reading group, and smaller for the SLD kbaih \ghen
compared to the Norm and SLD Writing groups. In fact, the path from RQ to ME8ava
statistically significant for the SLD Math group, but approached stafisignificance§ = .056)
and the standardized path would be considered a large effec844). Consequently, Gf also
had large indirect effects on MCS across groups. Quantitative reasonisigveke important for

all groups except those with a SLD in math.
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Also, the path from Gc to MCS was not statistically significant for the Blath group,
but this effect would be moderate according to the standardized paranvet&8@). Finally, the
path from RN to MCS was not statistically significant for any of the graalfsough the effect
of RN was small according to the rules of thumts fanged from .061-.098 across groups).
Results for Applied Math

The effects of specific and broad CHC abilities on Applied Math beganere
investigated separately first within each group. For Applied Math (AMhspgadbm KO and RQ
were statistically significant for the Norm group, only the path from RQ tatistgcally
significant for the SLD Reading group, paths from KO and RQ were statissaghificant for
the SLD Math group, and paths from KO, RQ, and VZ were statistically sigmifior the SLD
Writing group. VZ approached statistical significance for the SLDhNabup p = .07). Because
this was also statistically significant for the SLD Writing group plath from VZ to AM will
also be individually tested for the SLD Math group in subsequent models.

Results for all analyses with AM are presented in Table 14. MCS wassedre
simultaneously on KO, RQ, and VZ in the multi-group model and freely estimated dtross a
groups (Table 14.1). Adding equality constraints to the path from KO to AM did notireault
statistically significant change in model fit (Table 14.2-14.2a). Addingli#égeanstraints on the
path from RQ to AM did result in a statistically significant degradation in fad@&able 14.3).
When this path was freely estimated for the SLD Reading and SLD Math gnolapdually,
there was a statistically significant improvement in model fit (Table 12d3cSimilarly, adding
an equality constraint on the path from VZ to AM resulted in statistisajhificant degradation
in model fit (Table 14.4). Allowing the SLD Writing group to be freely estedan the path

from VZ to AM resulted in a statistically significant improvement iodal fit, but allowing the
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SLD Math group to be freely estimated on this path did not result in a statysigalficant
improvement in model fit, although it approached statistical significganee87, Table 14.4a-
14.4c). Results from the sensitivity analysis were similar. When theityoe@istraint on the
path from RQ to AM was released for the SLD Reading and SLD Math groups indwidual
there was a statistically significant improvement in model fit (Table 14dld.4.7c). When the
equality constraint on the path from VZ to AM was individually releasechéo6L.D Math and
SLD Writing groups, this led to a statistically significant improvenwembhodel fit (Table 14.8a
and 14.8b).

The final model included an equality constraint for all groups on the path from KO to
AM. Because there were statistically significant differencesadehfit when the path from RQ
to MR was freely estimated for the SLD Math and SLD Reading groups, thisvpatfreely
estimated for both of these groups, and this path was constrained to be equal for the Norm and
SLD Writing groups. Also, because there was a statisticallyfeignt improvement in model fit
when the path from VZ to AM was freely estimated for the SLD Math and\8tifing groups
in the sensitivity analysis, this path was freely estimated for thesgroups and constrained to
be equal for the Norm and SLD Reading groups. In this model (Table 14.9), the path from VZ t
AM approached significance for the SLD Math gropp=(.059), but the unstandardized
parameters for the path from VZ to AM were very similar for the SL&Hvand SLD Writing
groups (.196 and .204, respectively). It is possible that this path was not statisiipaflcant
for the SLD Math group due to power, so a model was estimated where the path frolAMZ t
was constrained to be equal for the SLD Math and SLD Writing group (Table 1h8&.Was
not a statistically significant degradation in model fit, indicating thecesfof VZ on AM were

equal for the SLD Math and SLD Writing groups. This effect was alsststatly significant. A
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second test was completed where an equality constraint was placed on the p&Q oM
for the SLD Reading and SLD Math groups. This equality constraint did resudtatistically
significant degradation in model fit, indicating that the effect of RQ oni\tiifferent for the
SLD Reading and SLD Math groups, in addition to being different from the Norm and SLD
Writing groups (Table 14.9b).

The final model for AM is presented in Figure 6, and the total, direct, and indfesdte
for the AM model are presented in Table 15. The final model again demonstaedpacific
CHC abilities are important for math beyogdand indicated that group membership moderated
several of these effects. The direct effect from KO to MCS wast&tallis significant and equal
across all groups. RQ needed to be freely estimated for the SLD Reading aiMb8igroups.
The effects of RQ were stronger for the SLD Reading group when comparedNarthend
SLD Writing groups, and the effects of RQ were weaker for the SLD Matipgvhen
compared to the Norm and SLD Writing groups. These findings were similae findings from
math calculation. Additionally, the path from VZ to AM was statisticaignificant for the SLD
Math and SLD Writing groups(= .203) only, suggesting that VZ was only important for these
two groups.

Results for Written Expression

The effects of CHC abilities on Written Expression were investig&igalately within
each group. In the model for Written Expression (WE), the statisticglyfisant paths from the
backward selection procedure for each group indicated that Gc, RN, and VZ wstieatgt
significant for the Norm group, RN and RQ were significant for the Reagmgp, Gsm and Gc
were significant for the SLD Math group, and RN, RQ, and MS were statistigalificant for

the SLD Writing group.

99



A model which regressed WE simultaneously on Gc, VZ, Gsm, RN, RQ, and MS was
estimated (Table 16.1). Each structural path was individually constrainedqoddeaeross all
groups. When Gc was constrained to be equal across groups, this led to a byatighd@cant
degradation in model fit (Table 16.2). Allowing the SLD Math group to be freely &stthon
the path from Gc to WE resulted in a statistically significant improvemanbdel fit (Table
16.2b), suggesting that the path from Gc to WE is different for the SLD Math group. Adding
equality constraints to the other structural paths did not result in a stdyisigaificant change
in model fit (Table 16.3-16.7), although Gsm approached significance. The sgnaitalysis
did not indicate any statistically significant difference when rehggtsie equality constraints on
individual paths (Table 16.7-16.14).

A final model was created where all structural paths were included inaithel snd
constrained to be equal across groups. Because allowing the path from Gc to Witedtybe f
estimated for the SLD Math group resulted in a statistically significiaertge in model fit in the
previous analysis, the only path which was freely estimated was the path ¢rtoW\& for the
SLD Math group. Also, because allowing the path from Gsm to WE resulteukiarky
statistically significant change in model fit for the SLD Math group, thils pas also freely
estimated for the SLD Math group (Table 16.15). The final WE model is presentigaiia F,
and total, direct, and indirect effects are presented in Table 17. In this modeheopgths from
Gc, RQ, and RN were statistically significant. The path from VZ to WEcagped statistical
significance p = .08), and neither Gsm nor MS were statistically significant. This stgytet
all groups relied on background knowledge, quantitative reasoning, and rapid namsranski
the written expression tests. The only difference between groups was thepatcfto WE for

the SLD Math groups. The path from Gsm to WE was not statistically seymifior the SLD
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Math group, so a model was tested where this path was constrained to be equall acoegsa
There was not a statistically significant change in model fit wherctimstraint was added,
suggesting groups were equal on this path (Table 16.15a).

Because both Gsm and MS were included in the model, two alternative models were
tested. It is possible that including both Gsm and MS in the model may be masking the
magnitude of the effects from each. Potentially, only including a path to &Edne of these
two memory factors will change the magnitude of the effects from myemeo models were
estimated to determine if including a path from either Gsm or MS to WE indtelresulted in
statistically significant differences in model fit. In the first mo@elble 16.16), the path from
MS to WE was set to zero for all groups, and the path from Gsm to WE was set tolbe equa
across groups. In the second model (Table 16.17) the path from Gsm to WE was seditd zer
the path from MS to WE was constrained to be equal for all groups. Neither madield @s
statistically significant change in model fit from the final model (TAli45). The relation
between Gsm and WE was statistically significant when the path from M& tewas
constrained to zero for all groups, and the relation between MS and WE waicalistis
significant when the path from Gsm to WE was constrained to be zero fooughsgiThis
suggests that short-term memory processes are significanthdreddtéE, but regressing WE on
both Gsm and MS in the structural model may mask the effects of each on WE. The moelel whe
the path from the path from MS to WE was set to be equal across groups and the pagnirom G
to WE was removed from the model fit better according to the AIC, BIC, and &3i@ did
have large indirect effects on WE, however.

The alternative WE model is presented in Figure 8, and estimates frortethatale

WE model are included in Table 18. In addition to the path from MS to WE being sa#ltistic

101



significant in this model, it is notable that the path from VZ to WE was alstistaly

significant. This effect only approached statistical signifteaim the previous final model.
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Chapter V: Discussion

The purpose of this study was to determine if the relations between cogbilitessand
academic skills were similar among groups of children with and without SL2sgé body of
research has examined differences in cognitive skills for children with(8lgQ Johnson et al.,
2010), but there has been little work examining which cognitive abilities atedeb different
academic skills in children with SLD. Rather, most of this research has been ednditlt
normally developing children (Floyd et al., 2007; McGrew & Wendling, 2010; Taab, 2008).
Although this study was primarily an exploratory analysis, the resudtgest several important
findings regarding the similarities and differences in cognitive—achiememelations among
groups of children with and without SLDs. The similarities and differencesseffaral
important practical and theoretical implications regarding the naturerafrigadisabilities.

This discussion is composed of five major sections, including (a) the origpeih®ges
provided in the methods section will be reviewed, (b) a discussion regarding tlegiseniand
differences between groups will be examined for each of the acadersdrsitilded in the
analysis, (c) implications for theory and practice will be reviewedh@}strengths and
limitations of the current study will be presented, and (e) general cantdusnd future
directions will be explored.
Support of Hypotheses
Hypothesis 1: The factor loadings among the Norm and SLD groups will be invamt for
the CHC model.

The first hypothesis was supported in the current research. The factor $oafding WJ-
lIl were statistically equal across groups. When first identifyirgmodel, there were some

group-specific differences which were required to obtain adequate moaegfitqross
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loadings), but when these were included in the multi-group model there were no deerenc
between groups in the tests of factorial invariance. This suggests that@&t€hkt constructs
were the same across groups of children with and without SLDs, both at the genedakiloa
narrow ability level.

This finding supports previous research which has examined the factorial ingasfanc
other cognitive ability tests for individuals with SLDs (Bowden et al., 2008). Tinty slso
extends previous research because it uses a clinical sample of children asdesd®| whereas
previous research used a clinical sample of college students. The separdiiterent types of
SLD in reading, mathematics, and writing is also an extension of previousctgesearhich all
individuals with SLD were included in a single group. In general, it can be asshiat¢let
CHC constructs measured by the WJ-III are similar for groups of childrerdateseents with
and without SLDs. This step was important because it was necessary for theisomufa
structural relations between cognitive abilities and academic skilteisecond portion of this
study.

Hypothesis 2: Narrow cognitive abilities will be most strongly related to ademic skills.

This hypothesis was generally supported as well. For the most part, narmtiveog
abilities had direct effects on academic skills. Direct effects frondlrognitive abilities were
less common, and there were no direct effects fyolnis possible that if the academic skills
were more broadly defined (e.g., basic reading skills and reading compreheasancluded
on a single reading factor) then the broad cognitive abilities may have ldesmpbedictors of
the academic skills. The academic skills used in this study were hadefined (e.g., Basic
Reading Skills, Math Calculation Skills), and this supports the notion that narrowtivegkills

best predict performance on narrow academic skills (McGrew & Wen@i¥id)). It may also be
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the case if the academic constructs were even more narrowly definedi(ed influences from
narrow cognitive abilities to academic subtests) there may have beemexe narrow ability
effects. There were no instances wiggwmas identified as a statistically significant direct
predictor of the academic skills examined in this study, consistent witlopsesgsearch on
cognitive—achievement relations (Elliot et al., 2010, Floyd et al., 2007; Taub 20@8). When
considering total effects; howeverhad the largest effects on academic skills. This finding is a
function of the model specification, and positive parameter estimates. In thenGHiel used in
this studyg was placed at the apex of the hierarchical model. This is similar talinglg in the
first step of a hierarchical regression, with the broad abilities entereddgeand narrow abilities
entered last in the equation. Thus,gdiffects were indirect and were mediated through the
broad and narrow abilities.

When broad abilities did have direct effects on the academic skills, thes eéfieded to
occur for broad abilities which have been identified as important predictors adademic skill
in previous research. Additionally, when relations between broad abilitteacademic skills did
occur, they tended to occur for broad abilities which were not identified by multipéewna
abilities. For example, Gsm was directly related to BRS in the current Sxeljous research
has identified that working memory, one of the components of Gsm, is related to BRS&FI
al., 2008). In the current study, the inclusion of a specific working memory faasonot
possible because there were not two subtests included in the analysis whicledeasking
memory. Rather, the working memory subtest used in the model (Numbers Revededl) loa
directly on Gsm. Without a specific working memory factor, it was not peswldetermine if
the relation between Gsm and BRS is best explained by the specific workirayyrfantor or

broad Gsm.
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It is interesting to note that some narrow abilities, namely KO and R@refated to
nearly every academic skill included in the analysis. Table 19 presentsraasuof cognitive—
achievement relations identified in the current study. This table cldayssthat KO and RQ
were pervasively directly related to academic skills, and RQ was giretated to all academic
skills included in these analyses. When considering the skills measured bg R@Qait is
possible that these two narrow cognitive skills may be more related tavacadievement
than other cognitive abilities. KO may be related to school experience, gerbptehension,
and cultural experience because it is a measure of background knowledge, irtelstding
general knowledge (General Information) and knowledge which would be obtainedhthroug
school experience (Academic Knowledge). It should be noted, though, that KO is braader th
academic knowledge. It may also be considered the ability to inferatesddetween pieces of
information a person has been exposed to that are more verbal in nature. KO mdasas a
range of knowledge, more than would be typically taught directly in school. Expetiethe
environment is essential to acquire knowledge, but the ability to infer rel&tnween different
pieces of knowledge is not acquired within the environment itself. RQ may lydveaielated to
academic experience as well because of the reliance on numbers. But,tth&oakhson with
numbers is one form of inferring relations between stimuli. Learning spatticematical
operations may be related to school experience, but performance on RQ tasks does@ot requi
specific math calculations, rather it requires one to be able to deternatiengbetween
stimuli, which are numbers in the case of RQ. The reasoning skills requirewhpdete the
items on RQ are broad, not more specific skills related to completing speathiccalculation
problems. However, it is possible that these two abilities were more congisééauibd to the

academic skills because they are closely aligned with the investmestesbyand broad
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abilities into verbal and quantitative domains, and these thus crystallize to feerbtioad
abilities that more readily affect achievement.

Only Gsm and Gc were the other broad abilities which was related to an acakidéimic
However, like Gsm, Gc only included KO and RN as specific narrow abilitiesg$idual for LS
was constrained to zero for all groups, which effectively removes that sgactfic) and both of
the tests which would comprise a verbal development factor loaded directly Gt @eas
related to WE, but it is possible that a narrow ability not included in the model would have
accounted for the relation between Gc and WE, but this would have to be investigatacein f
research.

In sum, the relations between cognitive abilities and academic skillgdtemdecur at
the narrow ability level. Additionally, several of the differences angrmgps in cognitive—
achievement relations occurred at the narrow ability level. These widmeieed in more detail
in the next section.

Hypothesis 3: There will be differences in cognitive—achievementlegions among groups.
The greatest differences in cognitive—achievement relations will belated to SLD groups
for whom the academic skill is related to their disability (e.g., SLD Rading will have
significant relations between different cognitive abilities and Bas Reading Skills).

The results of this study are mixed for this hypothesis. There wengsmaitarities in
the cognitive—achievement relations among the groups of children and adolesteatsd
without SLDs, but there were some important differences as well. Overall,rtbeagpattern of
cognitive—achievement relations was similar among groups, which is not enhswh some
previous research. For example, Elliot et al. (2010) found that a nearly compl&#ebndiset of

cognitive skills predicted decoding for children with reading difficultis@mwcompared to
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children without reading difficulties. It is important to note that the arslysed by Elliott et al.
was similar to the backward selection procedure used in this study. Howenxaeretel. did not
compare the equality of unstandardized paths from cognitive abilities to deaodimguilti-
group model, thus moderation of those effects was assumed. Unstandardized pavameters
compared for equality in the current study. It is possible that testingdifessences formally in
the study by Elliot et al. would not have resulted in such disparate differencezbeajmups.
By formally testing the equality of cognitive—achievement relationsrangroups, it was
possible to identify whether there were statistically significaneficedetweergroups, and
not only if they were statistically significanithin groups. If the cognitive—achievement
relations in this study were identified only through the backward selection pyticee would
have been many more differences in cognitive—achievement relations amgngupsg. On the
other hand, it is also likely that some of the statistical tests in this Isttiklyd power to detect
small and even moderate differences in the magnitudes of cognitive—achievelaisomns
across groups.

Nevertheless, testing the equality of the relations across groups provited formal
test of moderation. These formal tests, however, did indeed suggest that groupshigmbe
moderated the cognitive—achievement relations. That is, the direct effescisie cognitive
abilities on academic skills depended on group membership. The similaritiesfanehdiés are
summarized separately for each of the academic areas investigated.

Basic Reading Skills

The cognitive abilities which predicted performance on BRS were siamiang groups,

but there were some important specific differences as well. The direanoés of Gsm, KO,

and RQ on BRS were statistically significantly different from zero, anththeences of each
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were equal in magnitude across all groups. Group membership did not moderdeecthoef
short-term memory, background knowledge, and quantitative reasoning on BR$le@ingshe
magnitude of these effects, both Gsm and KO had similar standardized effestsgroups,
suggesting that these abilities have comparable influences on BRS, and tbeseesfwere
large according to rules of thumb by Keith (2006); all standardized structunalgabss groups
were greater than .25. RQ had smaller standardized effects across groupstirgutige it was
less influential, although still statistically significant. All of seerelations are consistent with
previous research on reading and the WJ-III (Floyd et al., 2007), as well agi¢he ot
cognitive—achievement relations by McGrew and Wendling (2010).

It is not surprising that both background knowledge and short-term memory skills
influence reading skills. KO may be related to basic reading because #emgisra broad base of
knowledge an individual has obtained from experience in their environment, and it is highly
related to cultural experience (Schneider & McGrew, 2012). Reading iseatquithin one’s
culture (especially in the institution of education), so it makes sense thatluals/ivho are able
to better acquire background knowledge from their environment would also be able to acquire
basic reading as well. Also, as Floyd et al. (2007) point out, reading and wréregoath
included as part of Gc in Carroll’'s (1993) original taxonomy of cognitivetesilbecause the
acquisition of these skills are highly related to cultural experiencealéesmportant to point
out the possible reciprocal nature of reading skills and knowledge, where thobetet
reading skills will likely obtain a broader base of background knowledge fromthdyaread
(Floyd et al., 2007).

The relationship between Gsm and reading skills is consistent with previcacheas

well (Floyd et al., 2008; Swanson & Alexander, 1997) which has interpreted workingrgnem
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through the model proposed by Baddeley (Baddeley & Hitch, 1994). In this model, working
memory is governed by an overall executive processing system which contréypes of
memory storage, the phonological loop (memory for language) and the visudlsgathpad
(memory for visual information). The effects of short-term memory on readeigh@ortant
because the information used to decode words would be stored in the phonological loop.
Individuals with better memory skills related to the phonological loop may be able decaiie
easier because there is less overall cognitive load in the decoding piteetssts of memory
on the WJ-IIl are all auditory and language based, Gsm does not include visualyrtesker
Nevertheless, individuals who have more efficient short-term memory precesgeeral are
likely able to decode words more efficiently because of a lower cognitade o

The statistically significant influence of RQ indicates that reasorkiig siay also be
influential in reading, including basic reading skills, which has also been iddntifprevious
research (McGrew & Wendling, 2010). However, relatively little work has deee in the
examination of RQ and BRS relations. Interestingly, Swanson and Alexander ($88iihed
the relations between several different cognitive processes and rekiisgrhey found thag
was a better predictor of decoding skills for individuals with SLD in readingevhibnological
processing was better predictor of decoding for normally developingrseddhes indicates that
more general reasoning abilities (of which RQ would be a part) may be importargitor ba
decoding tasks, and this relation might be strongest for individuals with SLD ingeadie
normally developing readers in Swanson and Alexander’s study were between 8yaads12
old. It is possible thay has more of an effect on basic reading skills for younger children who
are just beginning to develop their reading skills. If a child has reading skiith have become

automatic, the influence gfwould be minimal. But, for a child who continues to have difficulty
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with basic reading skills, the cognitive load placed on the decoding procesbomagnsre
influence ofg. However, no differences in the magnitude of the relation between RQ and BRS
were found in this study, but there were differences in the relation betweendR€eaaling
comprehension, which will be discussed below.

In the BRS analysis, there were two cognitive—achievement relations whieh we
moderated by group membership. First, the SLD Writing group had a directfeffadlS on
BRS, which suggests that individuals with SLD in writing may rely directly oromamemory
span skills in addition to broad Gsm. This may be related to differences in hovechilidn
SLD in Writing process orthographic symbols, which includes both the decoding of f@ords
reading and the encoding of words for writing. The MS tests on the WJ-lIbmeslated to the
phonological loop based on content (Memory for Words, Memory for Sentences). Another
explanation for this is that the SLD Writing group did have more males thafeteraad
orthographic coding skills are known to be lower in males with writing difficu{Besninger,
Nielsen, Abbott, Wijsman, & Raskind, 2008). It is possible that this is pantedfyed to a
gender difference, or this may be a disability by gender interaction.

The only difference for the SLD Reading group on BRS was a statistigalificant
relation from PS to BRS. PS was not related to BRS for any of the other groups, bfiethis
was moderate for the SLD Reading group. The studies by Floyd et al. (2007) @ne\ivind
Wendling (2010) found that processing speed was more strongly related to BR&ifenchi
under the age of eight. Additionally, Elliot et al. (2010) found that processing speedates re
to basic reading skills for children with reading difficulties, but not for childnémowt reading
difficulties. The findings from the current study are consistent withptit@gious research. The

current study does not differentiate between age groups, but this may provide sghténtas
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the developmental process of reading for individuals with SLD. If individuals Withi®
reading have delayed decoding skills, then processing speed may continue to pcedingde
skills across development because basic decoding skills do not become autonwessiRy
speed may continue to be related for individuals with decoding problems because it would
influence the speed at which individuals with SLD in reading are able to decodie Wwor
individuals without SLD in reading, processing speed becomes less important dsvibiep
basic decoding skills because decoding becomes an automatic process. dhan@fessing
speed no longer differentiates between normally developing readers.fifft#sgs suggest that
processing speed may continue to predict reading skills for children and adtdesitle SLD in
reading, long after processing speed no longer differentiates decodisdakdhildren without
SLD because their decoding skills have become automatic.

An alternative explanation for this relation may be related to visual disaiion skills.
The PS factor in this study was indicated two tests that require visual amstran skills.
Visual discrimination is an important component of sight word recognition, andtsl@fithese
areas may be related to surface or orthographic dyslexia, which may sublyeaftesttrapid
naming skill (Bowers & Wolf, 1996). Future research may want to consider tegdigther this
factor influences the specific skill of sight word recognition (e.g., t=8terd Identification) as
opposed to a broad basic reading skills. Similar to different subtypes of SL&thn(Geary,
2003), individuals with SLD in reading may have a deficit in phonological procesamd, r
naming speed, or both (Bowers & Wolf, 1996). For example, those with surface dységxia
have more difficulties with sight word recognition, visual discrimination, and viseaiory,
whereas those with phonetic dyslexia may show more difficulty with phonelqiecesses and

would likely struggle more pseudoword decoding, such as the Word Attack suinteshé WJ-
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lll. As Bowers and Wolf (1996) argue, those with deficits in both areas wé heore impaired
reading skills than individuals with deficits only one of these areas.

Finally, MA was related to BRS in the backward selection, but only for the Norm group.
However, when included in the multi-group analysis the magnitude of the relatiozebet1A
and BRS was not statistically significantly different among all groampd the path from MA to
BRS was not statistically significant from zero. This is likely dudéolack of age
differentiation in this study. Previous research (Floyd et al., 2007) found thatddAelated to
BRS for normally developing children, but only for those between the ages of 5 and 6. It is
possible that this relation would have been stronger if different age groups could hrave bee
included in the analysis.

Reading Comprehension

The results for RC were consistent across the Norm, SLD Math, and SLiBgWrit
groups, indicating that the influence of cognitive abilities on reading compireheésnsimilar
for individuals without SLD in reading. However, there was an important differentis
model for the SLD Reading group, where the relation between RQ and RC wasatgtis
significantly larger for the SLD Reading group compared to the other groups

In the final multi-group model, only the paths from KO to RC and RQ to RC were
statistically significant. Paths from PS and RN to RC were included in thd,rhateere not
statistically significant for the final model, although this may have beetodaéack of power.
The influence of KO on RC was largest for all groups, indicating that the influeteekdground
knowledge on reading comprehension is most important for individuals both with and without
SLDs. The relation between KO and RC is consistent with previous research, a¢iageobnd

knowledge is strongly related to comprehension (Evans et al., 2001; Floyd, Be&#aitomso,
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2006; McGrew & Wendling, 2010), and the direction of the path from background knowledge to
reading comprehension is supported in findings that background knowledge drives positive
changes in reading comprehension (Reynolds & Turek, 2012).

The relation between RQ and RC has not been comprehensively explored in research. RQ
is a narrow ability of under the umbrella of Gf (Schneider & McGrew, 2012), andéicénd
Wendling (2010) suggest that the relation between Gf and RC is tentative untilviderce is
collected. The effects of RQ on RC were smaller than the effects of KO pouRtbis relation
was statistically significant, and large in magnitude, for all groups. &(aHarger effect on RC
for the SLD Reading group when compared to other groups, and this difference istisadiyat
significant. This finding makes sense theoretically, since it is pes$iat individuals with better
reasoning abilities would rely more on their reasoning skills to compreheaximg in text they
have difficulty decoding (Nation & Snowling, 1997). Individuals from other groups would not
need to rely on reasoning processes as much to comprehend text because they do not have
difficulty with decoding. Rather, they are able to use background knowledge tatamdiewhat
they read. For individuals with SLD in reading, relying more on reasoning nfagdmapensate
for imperfect decoding skills. It is important to note that background knowledgé imptirtant
for the SLD Reading group. Even if some individuals with SLD in reading have streaomieg
skills, background knowledge is still necessary to adequately comprehend velaak. is r
Reasoning skills may help put the pieces of what they read together into antoessage, but
background knowledge is still essential for an overall understanding.

Finally, paths from PS to RC and RN to RC were statistically signiffoaihe Norm
and SLD Writing groups, respectively, in the backward selection. When includwesl nmutti-

group model, these paths were not statistically significant for these groapg other groups in
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the final model. Rapid naming has been identified as a predictor of basic readsgcskis a
wide range of studies (Bowers & Ishaik, 2003), and rapid naming skills in kindargsud
significant predictor of reading skills in first and second grades (Stimesler, Fletcher,
Francis, Carlson, Foorman, 2004). The lack of an effect here could be due to the rapid naming
tasks used on the WJ-1ll. The RN factor here is composed of Retrieval Flussh&apid
Picture Naming. Other studies have used different types of stimuli for RN sasksas a
mixture of pictures and letters (e.g., Schatschneider et al., 2004) or dettensimbers (e.q.,
Bell, McCallum, & Cox, 2003). Rapid naming of orthographic symbols, as opposed to pictures,
may be more related to reading because of shared content of the tasks. AlsawMoG
Wendling (2010) found that PS was related moderately to RC at younger ages, lasiswas
related to RC for older age groups. It is possible that the lack of age diidoenaffected the
relation between PS and RC. For example, Evans et al. (2001) show that processingosiheed is
slightly related to reading comprehension at younger ages, but this relattondsecegligible
over the course of development. Based on the findings here, it appears that knowledge and
reasoning are the most important skills for comprehending written text. Regsloowever, is
even more important for those with a SLD in reading.
Math Calculation Skills

There were several important differences among the groups for the model #ith ma
calculation skills. First, there appeared to be a complex interaction Ipetfae=eognitive—
achievement relations when equality constraints were included on the strpathsain the
model. This appeared to be related to RQ, mostly because there wasaagesdjfference in the
unstandardized paths from RQ to MCS for the SLD Reading and SLD Math groups. The path

from RQ to MCS was larger for the SLD Reading group, and it was smallé&ef&.D Math
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group. In fact, the path from RQ to MCS for the SLD Math group was not statistically
significantly different from zero (although it approached statistigalifitance, and the
standardized path coefficient was above .30, which would be considered a largeTéffect)
difference suggests that quantitative reasoning skills were not as strelagdyg to MCS for the
SLD Math group when compared to the other groups. This is not a surprising findingséeca
difficulty with math reasoning would be expected for individuals with SLD in maihd@n

with a SLD in math would likely try to draw upon other cognitive abilities (or othprstyf
resources) apart from quantitative reasoning skills when working on mathlteted, although
this study focused on the interrelations among the skills, this group did have leags m
measures of both RQ and MCS (see Table 5).

The relation between RQ and MCS was stronger for the SLD Reading group when
compared to other groups. This may indicate that individuals with SLD in reddongely more
strongly on quantitative reasoning skills to complete math problems. Whereashadlydse able
to retrieve math facts from memory, it is possible that individuals with SLBaiding may rely
more on quantitative reasoning to solve each problem individually. Additionally,eax larg
proportion of variance in MCS was accounted for by the cognitive abiliodsded in the model
for the SLD Reading group and SLD Writing group when compared to the Norm and &hD M
groups. This is important because it suggests that these two groups rely roogaitive
abilities than other factors to solve math calculation problems, and most of the @ssbascuse
to complete the problems are cognitive. Less variance in MCS is accountechiemmotlel for
the Norm and SLD Math groups, and other resources not accounted for in this model are

influencing their math calculation skills. This may suggest that individualeiStD Reading

116



group rely more on cognitive resources overall across academic skill andeere less
influenced by extraneous resources.

The effects of PS and Gsm on MCS were statistically significant fgralips.
Additionally, these relations were equal across groups, suggesting thghribessses have
equal influence on MCS for individuals with and without SLD. Both PS and Gsm (spegificall
working memory) have been implicated as important processes for MCS aggag®@aps
(Fuchs et al., 2006; McGrew & Wendling, 2010). The relation between these two psoards
MCS make sense, where individuals who are able to process numbers quickly avel retrie
answers to simple math problems quickly will have an advantage when compiatimg
calculations. Additionally, for calculations which require several steps,¥&zartd be important
to both recall which steps have been taken and help organize and recall the apprepsiate st
the math problems.

It is important to note that McGrew and Wendling (2010) indicate that theorelat
between PS and MCS may be influenced patrtially by the tests used on tHe @& lof the
tests for PS is Visual Matching, which requires the matching of similar nsn®ee of the tests
for Gsm is Numbers Reversed, which also uses numbers as test stirmydodsible that these
relations could partially be explained by a separate method factor or ahtecility factor
(Schneider & McGrew, 2012; McGrew & Wendling, 2010). However, this influencedaantl
be present in the common factor when using latent variables. Rathernthessces would be
between residual variances. It would be useful for future research to sty telationships
using tests which include other types of stimuli for processing speed and waowmgry.

Rapid Naming was statistically significantly related to MCS for thariNgroup in the

backward selection, but it was not statistically significant for any groups findienodel.
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There was not a statistically significant improvement in model fit when ¢ lgroup was
freely estimated on RN, indicating that even though this relation wasistdltyssignificant in
the backward selection for the Norm group, the unstandardized parameter from RIS twad
essentially the same among all groups. The relation between RN and M@&S sease because
math calculation skills require the recall of math facts. For the Norm gitdapikely that these
individuals have memorized basic math facts and they are able to retrievguicddy from
memory, thus the relation between retrieval fluency and MCS. However, in thegroub
analysis, the results indicated that there were no statisticallyisagmidifferences between the
unstandardized coefficients for the relation of RN to MCS, and this relation wakatistically
significantly different from zero.

Finally, in the backward selection Gc was statistically significanefigted to MCS for the
SLD Math group, but not for other groups. This relation was positive and moderagely lar
.183) for the SLD Math group in the multi-group model, but not statistically signifi¢ae
relation from Gc to MCS was negative for the other groups, suggestingieat liave been
acting as a suppressor variable rather than a predictor of math calculatwas Gdated to
math skills for older individuals in the study by Taub et al. (2008). However, they isitildded
both math calculation and applied problem solving, which would be a measure of broad math
achievement rather than the more specific skill of math calculation skibssyinthesis of the
literature by McGrew and Wendling (2010) found that Gc was consisterdteddlo MCS after
the age of nine. Other research (Niileksela & Reynolds, submitted for gidrl)daas indicated
that individuals with SLD in math also show an asset in Gc, suggesting they may ke lnad
knowledge as a compensation strategy. Such a finding would be consistent with thalpotent

relation found in this study. That is, students with an SLD in Math may try to drawupone
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their background knowledge when performing math calculation. However, this filsding
speculative until more research can be completed. The relation betwead MES for the
SLD Math group was not statistically significant, although the magnitude pithevas
moderate. Research with a larger group may allow for a better understanthisgpaissible
compensation strategy.

It should be noted, however, that there is some conflicting research with this finding
According to Geary (2003), as children grow older they rely less on their gli@etgkills to
complete math problems and instead rely more on background knowledge. This change occ
because children begin to rely less on problem-solving strategies and more gnoladk
knowledge. Specifically, as children get older they are able to retrievefacés from memory.
Children with SLDs, however, continue to use problem-solving strategies (gbcitim
counting, Geary, Widaman, Little, & Cormier, 1987). The findings from the curngsy sre
inconsistent with this notion. Individuals in the SLD Math group do not rely on strongly on RQ
for MCS, but they do not rely strongly on Gc either. Individuals who have diffiautby
guantitative skills but may have learned some strategies or algorithomipteting math
problems, this would implicate Gc as a possible mechanism for compensatiedddas in RQ.
The answer to this difference may be due to different subtypes of mathensdlusitgi Geary
(2003) identifies that there is a procedural subtype (difficulty with mathesnatocedures or
algorithms), a semantic memory subtype (difficulty retrieving mattsfaand a visuospatial
subtype (difficulty with visual-spatial representation of numericaliggiahips). It is possible
that a mixture of these subtypes is present in the sample used for this study, kg mas
differential effects of these subtypes.

Applied Math
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The cognitive abilities which were related to AM for all groups wedead RQ. KO was
equal across groups and had a relatively small effect. This finding is nossgni light of
previous research, which indicates that background knowledge is important for Ablthee t
requirements for language and cultural understanding to complete applied matimgrobl
(McGrew & Wendling, 2010). Not surprisingly, RQ was strongly related to M ielation
was equal for the Norm and SLD Writing groups. Similar to the MCS model, RQ@ thedfteely
estimated for the SLD Reading and SLD Math groups. For SLD Reading, thenrbletiveen
RQ and AM was larger when compared to the other groups, and for the SLD Math group the
relation between RQ and AM was smaller when compared to the other groups. Bo#ie of the
differences were statistically significant. Again, this findindicates that the relation between
RQ and AM was moderated by group, where individuals in the SLD Reading grodpmelie
on quantitative reasoning when completing applied math problems compared to other groups, but
individuals in the SLD Math group relied less on quantitative reasoning.

An interesting finding from the AM analysis was that the relation betw&eand AM
was statistically significant for the SLD Math and SLD Writing gireubut not for the Norm or
SLD Reading group. Visualization skills have been implicated as important fdevieéopment
of math skills, but this has not been consistent across research. McGrew ana§\@edlD)
found no significant relations between Gv abilities and academic skills in ¢kesow of the
research. However, they also point out that the visual-spatial skills which codidieel to
mathematics skills may not be adequately represented in currentdsadtiecognitive abilities.
They also point out that the variables often measured in achievement bdtiensssample
items from higher-level mathematics areas (e.g., geometry, trigonpetulus), which may

require more visualization skills.
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It is known that visualization skills are important to success in science, technology
engineering, and mechanical (STEM) domains (Wai, Lubinski, & Benbow, 2009 ad far
which mathematics reasoning are important. Visual-spatial deficitsldren are related to
difficulties in the development of math skills (Geary, 1993), and visual-spaficitsleave also
been found in adolescents with SLD in math (Swanson, 2011). Additionally, the visuospatial
sketchpad component of working memory (Baddeley & Hitch, 1994) predicts the development
of math skills for elementary students (Geary, 2011). When considered totathersearch
does suggest that visualization skills are important for mathematics skillegbatdkills may
not be adequately assessed on current cognitive ability tests. Howeveresgamreh in this
domain would be necessary to better understand the relationship between visnalkabisi and
the different types of math skills. When considering the results of this stadgkes sense that
individuals with SLD in math may perform better if they have better vizatadin skills. For
example, if some individuals with SLD in math are able to better visualizethganents of an
applied math problem, this may provide an advantage over individuals with diffictity wi
visualization, even when calculation skills are similar. Individuals with SLDathmimay rely
more on visualization skills in order to compensate for deficits in quantitativeniegs

The relation between VZ and AM was also statistically significant#®ISLD Writing
group. It is not clear why the SLD Writing group would have a similar path frorfo\KR, but
this could be due to orthographic coding skills related to writing (Abbott & Bernih§e8;
Berninger & O’Malley May, 2011). Berninger & Amtmann (2003) review aesle that suggests
orthographic coding is especially important for written language because itesvtbe
processing of orthographic codes, which is different from reading diffisuideeause reading

requires the processing of both orthographic and phonological codes. Some previodk resear
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suggests that there may be deficits in Gv abilities for individuals with 8hditing,

specifically visual memory (Niileksela & Reynolds, submitted for puaitilbn), although the
SLD Writing group appears to have scores similar to other groups in the tatdd telthe Gv
factor. It is possible that visualization skill differences in the SLCiiMgrigroup also provides an
advantage in math reasoning, where better visualization skills predict betbemaace on
applied math problems, similar to the possible connection of visualization and matiingas
the SLD Math group.

The identification of VZ as a significant predictor of mathematicsssiglin contrast to
other research, which has not identified Gv abilities as measured by commageincel |
batteries as an important predictor of math reasoning skills in samples oflpalevaloping
children (e.g., Taub et al., 2008) or individuals with SLD in math (e.g., Proctor, 8).pres
However, the factor used in this study was specifically visualization, whitides Spatial
Relations and Block Rotation. Other studies with the WJ-III have not used thicsfaetor,
rather they have used a more broadly defined Gv factor (e.g., Proctor, inRvoedsr et al.,
2006; Taub et al., 2008).

It is important to note that several relations were not statisticglyfigiant in this
analysis, namely for short-term memory or working memory. Proctor (in)doessl that
working memory was statistically significantly related to mathaessg skills in a sample of
college students with SLD in math, and McGrew and Wendling (2010) also show that working
memory is related to mathematics reasoning. The relations between KO, R{Z aocbunt for
most of the variance in RQ (over 95% for all SLD groups). It is possible thatphesesses are

accounting for variance usually attributed to short-term memory prodesséer studies. More
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comprehensive research including all of these areas would be helpful in deterntidhgv
these processes are most important for math reasoning skills.
Written Expression

The results for WE were very similar across all groups, and this was tharealin
which the group with a SLD in the academic skill area did not show any modetaitohs
between cognitive abilities and the academic skill. In the backwardtisel@nalysis, six
cognitive abilities were identified as statistically significargdictors of WE. However, when all
of these paths were included in a single model, only three were statisigailjcant. The paths
which were statistically significant for all groups were Gc, RN, a@d Fhe relationship
between Gc and writing is not surprising, because adequate writing skills wouickre
background knowledge. However, it was interesting that this relation was not K@aadeen
in the previous analyses in this study. This suggests that other skills subsumedasdeh@s
verbal development or listening skills, play an important role in written languggeadée
effects of the specific knowledge factor. The relationship between RN attelvaxpression
also makes sense theoretically, because individuals who are able to retndsenideas from
memory faster may be able to better express themselves in writingvelpweme previous
research has not found a relationship between rapid naming skills and writingafqie
Berninger, Abbott, Thomson, & Raskind (2001) found that rapid naming deficits were only
associated with difficulties in reading. Again, this difference may lagecblto task differences,
where Berninger et al. (2001) used rapid naming of letters and numbers, sather@al-1l|
rapid naming tasks are both free retrieval and rapid picture naming. It iblpdbsi these
retrieval processes do play a role in written expression. Finally, RQIseasetated to WE for

all groups. The relationship between fluid reasoning processes and wrjites®an has also
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been found in previous literature, but only for adolescents in one study (Floyd et al, &2@D8)
only for younger children in another study (McGrew & Knopik, 1993). Both of these studies
used the broad Gf cluster, not the more specific ability RQ in their analysgsossible that

RQ may have more specific effects on written expression. The use ofggdning processes
in written expression makes sense because individuals must organize ideastim exgezss
them, but clearly more research into fluid reasoning would need to be done to vedfy thes
relationships.

In the initial model, Gsm, MS, and VZ were not statistically significanthy groups.
However, the standardized relations between memory (Gsm and MS) and WE weraenode
and Gsm has been identified as an important predictor of writing in previouchegzar,

Floyd et al., 2008). Two alternative models were tested which were desigeealdate the

effects of Gsm and MS on WE. First, the relation between MS and WE was renmmvetid

model while the relation between Gsm and WE was constrained to be equabeaanpss

Second, the path from Gsm to WE was removed from the model and the path from MS to WE
was constrained to be equal across groups. Neither of these models watreadiiati

significantly different from the model which included Gsm and MS simultaneausihgimodel.
Overall, the model where Gsm was removed and the path from MS to WE wasftaaigted
across groups fit slightly better, so this model will be discussed.

In the model where Gsm was removed, all five remaining paths weraca#ist
significant for all groups, indicating that including both Gsm and MS in the modedfieasing
the size of the relations for other abilities. Gc was most important based onditaetiaffects,
followed by RQ and RN, with MS and VZ providing the smallest effects. This niodiehtes

that both individuals with and without SLDs rely on a wide range of skills for wrikeression.
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The addition of VZ indicates that visual skills are important for written espye, and because
writing is a complex process it is not surprising that several different gpesxase significant
predictors of written expression.

Summary of Results

Taken together, these results provide an interesting look at the relationsrbetwee
academic skills and cognitive abilities. An overall summary of thdtee®r all cognitive—
achievement relations are presented in Table 19. In this table, the names of thamggoups
included in cells for which there were paths from the cognitive abilities tactdemic skills. If
the path was statistically significant for a group, the name of the groujpadd in the table. If
the path was not statistically significant in the model, the name of the gritalcized. Finally,
groups which are statistically significantly different from other graanesunderlined, and arrows
next to the group name are included to indicate if the difference in the magnitude ¢dttbe re
is higher or lower.

It is clear that RQ had the most consistent effect on academic skills, batk gooups
and across academic skills. RQ was statistically significaeléyed to all academic skills and
across all groups except for the SLD Math group and MCS (although it approadistidata
significance). The next most consistent relation between cognitivecare/ament skills was
KO, indicating that general background knowledge plays an important part in imgedict
performance on reading and math skills in general, for children both with and witrDuT B&
relation between KO and academic skills were equal for all acaderagamnd all groups, there
were no statistically significant differences between groups in the cguef KO. This may be
due to the multiple influences that are captured in a broad “knowledge” factor, wtliaties,

but is not limited to opportunity to learn and the investment of general cognititeahila
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motivation and academic interest. That is, knowledge may represent the atcamufliall of
these influences, whereas a general factor, sughrapresents prior levels of cognitive ability,
or as what Cattell (1987) would refer to as historical Gf.

It is important to note that several abilities which were statistisaiiyificant for
individual groups in the backward selection were not statistically signifinahe multi-group
model. This is likely due to either sampling error (measurement atista) or a lack of power.
But, the results from the multi-group model were weighted more heavily intlig 3his was
based on the assumption that if there was not a statistically significanticéebetween groups
in the magnitude of a cognitive—achievement relation, then it suggests that the path is
statistically equal across groups. The constrained paths were favoretoweestrained paths in
this analysis, as long as there was not a statistically significgradbgion in model fit when
adding equality constraints to the structural relations. The lack dftstallly significant effects,
even for individual groups, could be due to a lack of power. Even though the samples sites for al
groups were adequate, the model was complex and many variables weredinclingemodel,
reducing overall power. Moreover, fewer indicators per factor is likely to asubstantial
influence on power, and some of the effects that were found would be considered small or
moderate in magnitude, even though they were not statistically significdatigion was made
to include the narrow abilities in this model. If the broad abilities were the foaue, may have
been more statistically significant findings because they would have hadndimagors per
broad ability.

Lack of Ga effects
One way in which the current study differs from previous research on igegnit

achievement relations is that auditory processing was not related to theyacidemic skills.
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The deficit in phonological processing is one of the hallmarks of differencesdrethildren
with and without SLD in reading (Hoskyn & Swanson, 2000; Johnson et al., 2010; Stanovich &
Siegel, 1994). Looking at the sample statistics, it might be surprisingdtia for Sound
Blending was not different between the SLD Reading and Norm groups. Howevanpbisant
to note that even if children with SLD in reading have a deficit in phonological &aqltsthey

did not in this study), this does not necessarily indicate that there should beoa teatieen

Ga and academic skills. For example, Swanson and Alexander (1997) fougavsathe best
predictor of pseudoword decoding for children with SLD in reading, while phonological
awareness was the best predictor of pseudoword decoding for children with paieralbping
reading skills. This suggests that there are differences in which eegmiticesses are important
across groups, and some differences were found in this study. The laclctf feffien Ga is
consistent with previous research using the WJ-Ill for both basic readingl @lal., 2007),
math skills (Proctor, in press; Proctor et al., 2006; Taub et al., 2008), and writindFRkyig et
al., 2008). When including several abilities in the model, any variance which wpiddlty be
accounted for by Ga if it were individually included in the model may be accounted dtindry
processes, such as background knowledge or memory. Floyd et al. found that Ga was a
statistically significant predictor of basic reading skills, but only thrits. The findings from

this study also show that the effects of Ga on basic reading skills are isticatht significant

for individuals with SLDs either. This lack of finding may also reflect thectia education.
Phonics and phonemic awareness training have become a standard part ofl meading
programs and curricula. Previous research may have reflected educatiotee jptabe time,

and an overall increase in phonemic awareness across the population of children andrasloles

will affect whether tests like Sound Blending show up as deficits. It is posisdileome
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children who now have normative deficits compared to the current population will appear
average when compared to the sample of children used as the normative sampWdfslthe
which occurred between 1996 and 1999 (McGrew & Woodcock, 2001).

This presents an important issue regarding specification error, whereantport
independent variables are not included in the analysis, even though they are egsential t
understanding the phenomenon of interest (Keith, 2006; Kline, 2011). Based on the current
research, Ga did not play a statistically significant role in predictadeanic skills for children
and adolescents with and without SLD. This is not to say that phonological progessing
important for the development of some skills in reading and writing, but it may nqirbeay
process which predicts performance in reading when accounting for a \droegnitive skills.
Implications for Research and Practice

Many of the findings from the current study support theoretical notions of St$d, the
differences in cognitive—achievement relations suggest that individu&al$Swid in particular
academic areas may have some compensatory strategies for learningtdfce, the SLD
Reading group appeared to rely more heavily on reasoning processes to comprehkénd text
these individuals have difficulty decoding words but also have better reasoniggtiskly may
be able to come up with an adequate understanding what they are reading through the use of
reasoning processes. This would explain why individuals with SLD in reading whbééee
reasoning processes also have better reading comprehension, and tbiswaatstronger for
the SLD Reading group when compared to other groups. Similarly, individuals with SL&hn m
may rely more on their visualization skills and less on quantitative reasonilsg@kihath

reasoning.
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The findings from this study also indicate that the narrow abilities mezhbyrthe WJ-
lIl are factorially invariant across groups of children with and without SHe&sause they were
invariant, it suggests that the tests used here may be good indicators of thesanskithe
comparison of differences between children or adolescents with and without SLDRisbgoul
valid from a measurement perspective. Knowing that the measurement moddies & valid
is important, if accurate comparisons are going to be made. This is dgpewaltant for
researchers in a variety of fields, including education, psychology, and nencesdhthout
adequate measurement models for adequate comparisons between groups, anceinvarianc
those constructs, confidence in the accuracy of findings is diminished, and the ppsdibiiior
increases. Moreover, the use of latent variables, such as those used in tlubk,ras=anore
likely to result in findings that generalize across different samples ofgpanoplmeasurement
instruments (e.g., Keith et al. 2008).

Although this study is primarily exploratory, there are several impartgsiications for
practice related to these results. When considering the identification of SleDesults from
this study further support the importance of assessing specific cogkitlseas part of the
evaluation process. The results show thadid not have any direct relations to the academic
skills examined, and almost all relations between cognitive abilities ademdc skills were for
narrow cognitive abilities. This is not to say tgas unimportantd did have the largest total
effects across all cognitive abilities, although these effects wiereedlated through more
specific abilities), but these results indicate that more specific eggskills should also be
considered during the assessment process, consistent with more recenoinddbls

identification (e.g., Flanagan et al., 2010).
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The group specific relations may provide some indication of what type of treatment
might be useful for individuals with SLD in particular areas. However, p@ugits should
always keep the individual in mind when designing interventions. The population of indsvidual
with SLD is heterogeneous (Fletcher et al., 2007), and intervention choice shouldrbd ta
individual strengths and needs. The results of this study may suggest aattstanding of
specific processes underlying SLD’s, and a better understanding rdayp I development of
particular interventions which may be useful for specific cognitive defiEbr example,
visualization skills predicted math reasoning performance for the SLD Mauip.gf an
individual has good visualization skills, providing interventions which can accommadate o
supplement visualization as a method to improve math performance may beTesefning
specific strategies or providing guidance on how to increase performance ipaksixe
compensatory areas may be useful for practitioners to know when making recornonsrfda
intervention.

Gsm skills were related to several academic skills in this studynBgdbere has been
an increase in research on the training and improvement of working memory artdshow i
related to other improvements in other areas of functioning. Working memorydraias been
related to improvements in working memory in children, (e.g., Holmes, GathegcBlunning,
2009) and some recent research has identified a transfer of improvement to skaidiigoosli
et al., 2011), improvements in mathematics skills (Holmes et al., 2009), and imputssierde
making (Bickel, Yi, Landes, Hill, & Baxter, 2011). However, the researchamsfer of working
memory training is still very new and should be considered speculative until ffeesg leave
been replicated. The current study did not include a specific working méactoy, but working

memory is a component of Gsm, which was related to BRS, MCS, and WE in thisfstudy. |
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working memory training programs are useful in improving working memory alaimgothier
skills, interventions which focus on the development of working memory may be wuseful f
children with SLD in improving academic skills. Theoretically, this should aldzeheficial for
children with SLDs because group membership did not moderate the relations betwesamdGsm
academic skills in any part of this study. This assumption, however, would neectmbéyf
examined in an empirical context.

For BRS, perceptual speed was related to decoding skills for the SLD Resnlipg g
This suggests that individuals with faster information processing skills alsedoetter decoding
skills. Reading fluency requires both automatic and accurate processitigogfraphic and
phonological codes (Wolf & Katzir-Cohen, 2001). One intervention program designed by Wol
and colleagues focuses on the development of faster retrieval to help makéitige peacess
more automatic (Retrieval, Automaticity, Vocabulary Elaboration, andoGréiphy [RAVE-O],
Wolf, Miller, & Donnelly, 2000). Based on the double-deficit hypothesis (Wolf & Bowers, 1999)
the RAVE-O program is designed to improve automatic retrieval of [edtéerns in an effort to
increase overall reading fluency. Although this program does not target pngcgssed directly,
it does target speeded processes which are known to be related to regdingpid.naming).
Other studies have shown improved processing speed through training (Mackeyphid|, &t
Bunge, 2011), and processing speed training programs have been successful imgmprovi
processing speed both in the short-term and long-term for older adults (e.g. eVah¢ 2007).
Specific programs targeting the improvement of broad processing speed and hswethied
to improvements in reading do not appear to have been examined extensively in children.

The major difference in reading comprehension between groups in this stuthatvas

individuals in the SLD Reading group relied more on reasoning skills to compreherithiext
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was specifically related to quantitative reasoning, and suggests thavifluzds with difficulty
in reading are able to improve their quantitative reasoning skills, this mayhketgmprove
their ability to comprehend text despite possible concurrent difficulties wetbddey. Some
research does suggest that improvements in reasoning processes are posgiaiaing. For
instance, Mackey et al. (2011) found that children increased in Gf by an aveifgkopoints
after an intervention where the children played both computer and non-computer basedgeasoni
games. Whether these improvements would transfer to reading comprehensar skifer
measures of fluid reasoning is unknown. Fletcher et al. (2007) point out that higher-level
cognitive processes are important for reading comprehension, espddilsliguech as making
inferences and metacognition. When comprehending written text, the readentenpset what
is read in a broader context of their own knowledge base. Basically, individuals mtistius
prior knowledge about the reading passage and make inferences about the ofearing
passage using reasoning abilities. The development of specific infastetheenay be a helpful
in activating reasoning and background knowledge to help better understand the meaming in t
may be helpful for individuals who have trouble with decoding. For children with SLD in
reading, these reasoning skills are, by definition, typically inTdatrefore, they do not need to
be taught “reasoning” skills, but interventions would focus on how to use these reasdtsng ski
in an efficient manner when reading so that they can work around the dei@tred word
reading efficiency.

The results from this study indicated that quantitative reasoning did not predict
calculation skills for the SLD Math group, but Gsm and PS were statistsigHificant
predictors. It is unknown if the deficits in the SLD Math group were due to rdtdifieulties

or reasoning difficulties when considering the subtypes of math SLD outlineshiry R003).
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However, Holmes et al. (2009) indicated that working memory training resulted in irdprove
math performance six months after the training. Based on the findings fraurtbat study,
interventions which focus on the development of memory or processing speed skifisimay
improve math calculation performance for individuals with SLD in math.

For math reasoning, the main difference for the SLD Math group was that libdyess
on quantitative reasoning skills and more on visualization skills. That is, bett@mpanice on
tasks of math reasoning was related to better visualization skills. Itsbleothat direct training
on visualization strategies may help these students improve their ability inetmg@lpplied
problems. The ability to visualize how a problem could be solved may provide an advantage
because it this may rely more on the visual aspect of working memory. Cieg\strdich may
help with solving applied math problems is the use of a graphic organizer, whichrowmep
some assistance with visual processing. As an example, the use of graphizessghas been
effective in teaching adolescents with SLD to solve linear equations (Ives, BQO19ing a
graphic organizer, this may take some load off of the visuospatial sketchpad, rexigrely
cognitive load. However, Fletcher et al. (2007) note that little work has been tednple
examining specific interventions for improving math reasoning skills, and mdsts# t
interventions have focused on the implementation of specific strategiesviogsolath
problems as opposed to changing cognitive skills (e.g., Fuchs, Fuchs, Hamletpétdiy
2002). Another strategy may be to use a curriculum which focuses on a gretestanding
practical math and practical problems. Continually providing intervention foraneing math
facts may not be helpful, but focusing on the practical applications of math may&eseful
for individuals who have other means of solving calculation problems (e.g., teaaksatator

use, number lines or number grids).
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Finally, there were no differences between the SLD Writing group and othgrsgn the
cognitive—achievement relations for Written Expression. It is intiegeso note that there were
a wide variety of skills related to written expression (Gc, RN, RQ, MS, andin#i¢ating that
it is a complex task which relies on several different cognitive procesgasiless of SLD
status. It is difficult to determine if there are any specific ietons which can be identified
based on the results of this study. However, researchers such as Berningaltesaul €
(Berninger & O’Malley May, 2011) have provided extensive work on evidence-baggtbdis
and intervention for SLD in written language. Additionally, Mather and RolE985] provide a
number of helpful interventions for written expression. They indicate that oggtiéion is
especially important for written expression, and strategies which focus oaelu#
metacognitive strategies may be effective. For instance, the useagfracgorganizer may help
individuals organize their thoughts and provide a concrete structure to the writtgggrThey
also suggest that improving other skills, such as word retrieval strategyiese helpful in
improving written expression because it helps develop vocabulary and can help introduce a
variety of words which can be used during the writing process.

Strengths of the Current Study

There are several important strengths to this study. First, this study sadcdathe
WJ-III, which is a commonly used test of cognitive abilities designed &&@HIC perspective.
The use of the WJ-IIl also allowed for several narrow abilities to be included mattiels,
which has not been included often in previous research. This is unique in comparison to previous
studies on cognitive—achievement relations.

The sample of children and adolescents with SLD were able to be differentiated b

academic difficulty, rather than including all individuals in a single grétap.results of this
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study show that differentiating the groups by academic difficulty wasiitant, because there
were some specific differences in cognitive—achievement relations.

The methods used in the study also have several strengths. First, the useaoti GEM
has not been employed often to examine the structure of cognitive abilitgrtésesrelations
between cognitive abilities and achievement in children with SLD. Only Boaxémolleagues
(2008) have examined the measurement properties of a major cognitive aki(yA¢s-111)
with individuals with SLDs. Besides this, little work has examined differemcesgnitive
abilities between children with and without SLDs using latent variable methodss&lwd CFA
is especially advantageous because latent variables representesr@osfstructs, so relations
among latent variables are based on reliable common variance. Moreover, thizbsiatsd
potential effects related to the selection of groups based on test scaregg#igtion of range)
by utilizing covariance matrices and multi-group models, which allowed for a oammetric to
be used across groups. Last, this is one of the few studies which include both broad and narrow
CHC abilities in the analysis. Floyd et al. (2007) included narrow abilities imath&lysis of
CHC abilities and reading, but other researchers have not included this lanelysis.

Methodologically, there were several ways in which the relations betweaitizeg
abilities and academic skills could have been examined. The use of backwetidrsalethe
individual group level and the use of a multi-group model for examining simitaatid
differences between groups were selected for several reasons. Kiwatobselection procedure
in individual groups has been used previously by researchers (Elliot et al., 20IDetaby
2007; Keith et al., 2008) and helps reduce specification error, which is more likielfowitard
selection methods (Floyd et al., 2007). The purpose of using backward selection was to

determine which relations were statistically significant frono Zer individual groups. By
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including all statistically significant relations in a multi-group moeejuality constraints were
added to each structural path to determine if the relation was equal across Tneuest is
designed to determine if the cognitive—achievement relations identified inckedral
selection were statistically significantly different betweewugs. This method has not been used
in previous studies of cognitive-achievement relations for children with SLDs.
Limitations of the Current Study

There are several limitations to this study which need to be considered warpretinig
the results. First, although the sample sizes for each of the SLD groups we@detarger
sample for each group would have been desirable. Larger sample sizes wouttbrapewer
to detect smaller effects, and some relations between cognitive alaihtieacademic skills may
have been overlooked due to a lack of power in this study. In addition to power, sevebédvaria
which would have been desirable in the study could not be included due to missing data. One of
the most important of these was Auditory Working Memory, which would have allowed for
specific working memory factor to be included. It is unknown whether thearedabetween
Gsm and different academic skills were due to broad Gsm or because the single merkiowy
subtest included in the analysis loaded directly on Gsm. Previous researclesttiaatvorking
memory itself is important for a variety of academic skills (McGreWeéndling, 2010), but it
was not possible to verify in the current study due to missing data on this variable.

Next, the samples used in this study were not collected specifically fonvkstigation.
The data for this study was obtained from a clinical database managed byatieodk-Muiioz
Foundation. Although the database of children and adolescents with SLD was largd and ha
substantial number of individuals, this means that data was not collected based ondarg sta

procedures other than the standardization of test administration. Differeas aliay rely more
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on specific groups of tests, and this resulted in a substantial portion of missifgy datae
individual tests in the SLD groups. Missing data is not an issue for maximum likelihood
estimation if the data were collected in this fashion because this method oblietaon does
not directly violate the MAR assumption. However, it should be noted that planning fargniss
data is better practice because the specific mechanism regardanggnaiata is known
(McArdle, 1994). In fact, it is probably a strength that not all participantpleted all possible
tests (37 tests total) included in the study because this would reduce atsyadffatigue on the
part of the examinee. However, planning for missing data would be best pradtnming
exactly why data are missing from the sample.

One major limitation of the current analysis is the lack of age differemtiafthin
groups. Each of the groups included children and adolescents between the ages of 6 and 19. It i
well known that the relations between cognitive abilities and academicdialigye over
development (Floyd et al., 2007, 2008; McGrew & Wendling, 2010; Taub et al., 2008). The
sample sizes for the SLD groups prevented the creation of separate grodpsnbage. Because
groups could not be differentiated by age, some statistically significatibred may not have
been identified, and not all relations should be interpreted invariantly acrossoage.g he
findings here should be combined with other studies which have been able to diffeggntipte
based on age. Future research will need to examine the differential dffedtsage more
closely with larger samples of children and adolescents with SLD.

The model used in this study was very complex. One purpose of this study was pbd attem
to include narrow cognitive abilities in the factor model to predict perforenan@cademic
tasks, and this model was more inclusive of variables which could be used based on the data

available. Most studies have only focused on broad abilities (e.g., Proctor, in pubsst @4,

137



2008), and few have specifically examine a wide range of broad abilities (Flayd29007).
The inclusion of narrow ability factors added to the complexity of the modeheAsumber of
variables are added to a model, the possible combinations and interactions increase
geometrically, which can complicate the interpretation of what which coegsitills are most
importantly related to academic skills. By adding equality constraints toagmative—
achievement relation at a time, this may change the magnitude of othenselatthe model.
However, this is one reason why the equality of structural paths were examiaediig
equality constraints to a model where all structural paths were &sthyated across groups,
and then removing equality constraints from a model where all structunal\wate constrained
to be equal across groups. The use of a multi-group model to examine simitardie
differences in the relations between cognitive abilities and acadertschels not been used
often (though see Keith, 1999), and methods on determining the best order of testing and
inclusion of variables are not well-defined. The two methods of examining equaiityraints
did have some differences. For instance, in the MCS model the sensitivityismaisated that
there should be statistically significant differences between groups dy akkatructural
relations. However, this did not occur in the models where all structural paths$raay
estimated and each was constrained individually. It was apparent that sarenddt found
during the sensitivity analysis occurred because equality constraints erssactural paths
(e.g., the path from RQ to MCS) may have been forcing differences between igtougber
structural paths in the model. Using two different methods helps better undengtsad t
relations, hopefully making it more likely that differences between groups adequately

identified.

138



Another limitation of the current study is that only a single theoretical imaaetested,
the CHC model of cognitive abilities. While this provides the best interpretatithe WJ-III
(McGrew & Woodcock, 2001), there are other possible models which could have been tested,
such as a bifactor, or nested factors model where the effegtrefincluded directly on the
subtests (e.g., Gustafsson & Balke, 1993), or a different model which groups suldests i
slightly different manner, such as the Verbal-Perceptual-Rotation mldeigon & Bouchard,
2005a, 2005b). The bifactor model, however, would only focus on direct effects of all of the
variables, including thg factor, so it would have a slightly different interpretation. However,
these models were not included in the analysis because one of the purposes of thiastady w
examine the relations between more narrow cognitive abilities and acagleifs specifically
from a CHC perspective. CHC theory provides a theoretically and empirccaisistent
taxonomy of cognitive abilities (Schneider & McGrew, 2012), although other intatipres of
the structure of the cognitive tests used in this study may be viable.

Conclusions and Future Directions

The results of this study show that there are some important differartbescognitive
abilities used by children with and without SLDs when completing acaderkg: e results
from this study are important for several reasons. First, the results thettifhe CHC constructs
measured by the WJ-III are essentially equal across groups of childreanaiwithout SLD.
Next, the results of this study show that individuals with SLD in different acadetgion
different cognitive abilities when engaging in academic tasks. It isippesbat these differences
are compensation strategies for weaknesses in other cognitive processidfscatibs in
academic performance. There were several interesting findings frestuldy, but there are also

many unanswered questions which can help guide future research.
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First, it would be very beneficial to examine the cognitive—achievemenoreddtom a
developmental perspective. With longitudinal studies, it is possible to better tandensw
development or deficits in one area affect the development or deficits in otrepaeedime.
For example, considering the smaller relationships between RQ and math aehiefogrthose
in the SLD Math group, do reasoning processes start out more highly relateith &kitterand
then become less important, or is this smaller relation between RQ and matheskidisive
across development? Similarly, does RQ affect growth in reading comprahédor children
with SLD in reading more than background knowledge, and when does this change begin to take
place? Longitudinal studies could help provide a number of answers regarding thehlatuve
the relations between cognitive abilities and academic skills change oeeatchthis could
provide important guidance for intervention and prevention. The results of the currgnnsiyd
help inform which variables might need to be included in future research. Resassitolvn
that SLDs are not developmental lags in cognitive processing or acaddhdevelopment
(O’'Shaughnessy & Swanson, 1998; Stanovich & Siegel, 1994). Rather, they ereibeted as
deficits in cognitive processing which affects academic skill develop(rantagan et al., 2010).
Long-term strategies, guidance, and interventions that are developsnaritathed will thus
have much greater influence on a person’s life, however, such interventions amtegaicea
rarely considered.

This is one of the first studies to closely examine cognitive—achievematiomns| for
groups of children and adolescents with different forms of SLD. It would be biahédicfuture
research to attempt to differentiate these groups even more. For instémers dre different
subtypes of SLD in mathematics (Geary, 2003), then there may be specifiiveodjffierences

and cognitive—achievement relations for these different subtypes. Individitialdifficulty in
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math calculation skills may rely on a very different set of skills to camgleplied math
problems than individuals with difficulty in mathematics problem solving. Detengif these
subtypes differ in their cognitive skills and intervention needs would be bendjigaitiding
services which best fit the individual. A better understanding of SLD in glemngrrequire even
more fine-grained analysis.

Finally, future research would also need to verify these findings with differststand a
different sample. The current study used an archived sample, but a well-plarmthedtstch
employs a variety of measures from a variety of cognitive and achievé&atgeries would

provide important external validity to the findings from this study.
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Table 1

Demographic information for samples

Normative SLD SLD SLD
Subsample Reading Math Writing
Sex
Male 146 (48.67) 88 (48.89%) 98 (42.42%) 111 (7%»0
Female 154 (51.33) 92 (51.11%) 133 (57.58%) 385(h)
Race
Caucasian 217 (72.33%) 152 (84.44%) 171 (74.03%) 1 (82.21%)

African-American 50 (16.67%)

15 (8.33%)

30 (12.99%) 14 (9.40%)

Native American 8 (2.67%) 3 (1.67%) 3 (1.30%) B6)
Asian/Native Hawaiian/
Pacific Islander 24 (8.00%) 5 (2.78%) 3 (1.30%) 9 (6.04%)

Other 1 (0.33%) 0 (0.65%) 4 (1.73%) 1 (0.67%)
Ethnicity

Non-Hispanic 266 (88.67) 149 (82.78%) 214 (92.64%) 135 (90.60%)

Hispanic 34 (11.33) 27 (15.00%) 17 (7.35%) 9 (6.04%
Mother Education

Less than 8 grade 7 (2.33%) 2 (1.11%) 2 (0.87%) 3 (2.01%)

Less than HS Diploma 19 (6.33%) 7 (3.89%) 9(3.90% 13 (8.72%)

HS Graduate 94 (31.33%) 21 (11.67%) 30 (12.99%) (2361L6%)

1 to 3 years of College 93 (31.00%) 15 (8.33%) 6.96%) 22 (14.77%)

Bachelor’s Degree or

Higher 78 (26.00%) 19 (10.56%) 22 (9.52%) 35 (2319

Missing 9 (3.00%) 116 (64.44%) 154 (66.67%) 40 8360)
Father Education

Less than 8 grade 4 (1.33%) 2 (1.11%) 1 (0.42%) 4 (2.68%)

Less than HS Diploma 28 (9.33%) 7 (3.89%) 11 (4.y6% 19 (12.75%)

HS Graduate 102 (34.00%) 19 (10.56%) 26 (11.26%) (280L3%)

1 to 3 years of College 67 (22.33%) 16 (8.89%) 6.06%) 14 (9.40%)

Bachelor’s Degree or

Higher 90 (30.00%) 20 (11.11%) 24 (10.39%) 42 (9%0)

Missing 9 (3.00%) 116 (64.44%) 155 (67.10%) 40 836€0)
Age

M (SD 11.88 (4.01) 12.00 (4.02) 12.32 (3.92) 11.997B.9
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Table 2

Percent in each SLD group with secondary and tertiary diagnoses

Group Percent with Secondary Diagnosis Percent with Tertiary Digsgnos
SLD Reading 26.11% 4.03%

SLD Math 12.99% 3.46%

SLD Writing 10.07% 6.11%
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Table 3

CHC categorization of cognitive and achievement tests used in study

WJ-IIl Test CHC Broad CHC Narrow
Name Ability Ability
Sound Blending Ga Phonetic Coding (PC)
Incomplete Words Ga Phonetic Coding (PC)
Auditory Attention Ga Sound Discrimination (U3)
General Information Gc Knowledge (KO)
Academic Knowledge Gc Knowledge (KO)
Verbal Comprehension Gc Language Development (LD)
Picture Vocabulary Gc Language Development (LD)
Story Recall Gc Listening Ability (LS)
Oral Comprehension Gc Listening Ability (LS)
Analysis-Synthesis Gf General Sequential Reasoning (RG)
Concept Formation Gf Induction (1)
Number Matrices Gf Quantitative Reasoning (RQ)
Number Series Gf Sequential Reasoning (RQ)
Visual-Auditory Learning Glr Associative Memory (MA)
Memory for Names Glr Associative Memory (MA)
Retrieval Fluency GIr/Gs/Gc Naming Fluency (NF)
Rapid Picture Naming Glr/Gs/Gc Naming Fluency (NF)
Pair Cancellation Gs Attention/Concentration
Visual Matching Gs Perceptual Speed (PS)
Decision Speed Gs Semantic Processing Speed
Cross Out Gs/Gv Perceptual Speed (PS)
Memory for Words Gsm Memory Span (MS)
Numbers Reversed Gsm Working Memory (MW)
Memory for Sentences Gsm/Gc Memory Span (MS)
Picture Recognition Gv Visual Memory (MV)
Spatial Relations Gv Visualization (VZ)
Block Rotation Gv Visualization (VZ)
Calculation Gq Math Calculation Skills (MCS)
Math Fluency Gq Math Calculation Skills (MCS)
Applied Problems Gq Applied Math (AM)
Quantitative Concepts Gq Applied Math (AM)
Passage Comprehension Grw Reading Comprehension (RC)
Reading Vocabulary Grw Reading Comprehension (RC)
Letter-Word Identification Grw Basic Reading Skills (BRS)
Word Attack Grw Basic Reading Skills (BRS)
Writing Fluency Grw Written Expression (WE)
Writing Samples Grw Written Expression (WE)

Note Gc = Comprehension/Knowledge, Gf = Fluid Reaspn®a = Auditory Processing, Gv = Visual-Spatial
Thinking, Glr = Long-term Retrieval, Gsm = ShortrteMemory, Gs = Processing Speed, Gq = Quantitative
knowledge, Grw = Reading and Writing.
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Table 4

Univariate descriptive statistics for the Norm and SLD Reading groups

Normative Subsample SLD Reading
WJ-IIl Test Mean D) N (% present) Skewness Kurtosis MeSDY N (% present) Skewness Kurtosis
Verbal Comprehension 100.25 (14.58) 177 (59.0%) 81-.1 .257 98.88 (15.07) 155 (86.1%) -.139 .310
Visual-Auditory Learning 100.91 (15.43) 225 (75.0%) .164 .769 94.95 (17.31) 152 (84.4%) .269 212
Spatial Relations 100.34 (15.15) 220 (73.3%) .024  094. 102.67 (13.02) 145 (80.6%) 137 1.744
Sound Blending 99.21 (14.37) 257 (85.7%) -221 740 101.32(14.75) 157 (87.2%) .305 1.310
Concept Formation 990.89 (15.14) 261 (87.0%) -463  147. 104.17 (14.11) 157 (87.2%) 146 -.179
Visual Matching 990.88 (14.39) 253 (84.3%) -.003 918 95.40 (12.92) 153 (85.0%) -172 1.006
Numbers Reversed 99.64 (15.71) 236 (78.7%) -545 527 97.10 (16.23) 140 (77.8%) -.056 416
Incomplete Words 98.45 (16.02) 231 (77.0%) -.332 86.3 100.01 (16.81) 123 (68.3%) -.877 .994
General Information 101.36 (15.82) 237 (79.0%) 9.26 .892 98.73 (15.87) 125 (69.4%) -.875 2.662
Retrieval Fluency 101.10 (14.89) 225 (75.0%) .208  215. 98.92 (15.39) 135 (75.0%) -.332 1.576
Picture Recognition 100.90 (15.00) 183 (61.0%) 06.09 .252 102.44 (11.82) 149 (82.8%) 277 .193
Auditory Attention 100.03 (16.43) 207 (69.0%) -043 530 98.63 (13.55) 121 (67.2%) -.270 -.123
Analysis-Synthesis 100.32 (15.51) 187 (62.3%) -.296 .843 104.48 (13.20) 148 (82.2%) .406 .694
Decision Speed 101.26 (15.84) 217 (72.3%) .154 231 101.12 (14.16) 135 (75.0%) 199 .164
Memory for Words 100.18 (16.91) 257 (85.7%) -374 210 99.82 (15.19) 152 (84.4%) .459 611
Rapid Picture Naming 101.53 (17.44) 148 (49.3%) 1.11 2.199 96.07 (12.71) 90 (50.0%) -.160 .290
Pair Cancellation 99.75 (12.12) 231 (77.0%) -730 .343 98.27 (9.59) 82 (45.6%) -.012 .657
Letter-Word Identification ~ 100.63 (13.88) 282 (%) -.024 .608 89.31(14.28) 171 (95.0%) .013 .057
Story Recall 100.70 (16.02) 219 (73.0%) .000 .362 103.09 (14.77) 110 (61.1%) 372 2.183
Calculation 99.13 (15.31) 283 (94.3%) -.308 558 102.10 (15.73) 161 (89.4%) .357 .052
Math Fluency 100.80 (15.38) 264 (88.0%) .453 943  95.21 (14.00) 151 (83.9%) .344 -.155
Writing Fluency 100.11 (14.39) 256 (85.3%) -.026 071 96.96 (16.75) 166 (92.2%)  1.153 2.573
Passage Comprehension 100.16 (15.45) 282 (94.0%) 085 -. .016 89.36 (15.67) 171 (95.0%) -.365 551
Applied Problems 100.03 (14.52) 283 (94.3%) -130  370. 101.79 (14.72) 160 (88.9%) .546 -.055
(Continued)
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Table 4 (cont.)

Normative Subsample SLD Reading
WJ-IIl Test Mean D) N (% present) Skewness Kurtosis Me&M)( N (% present) Skewness Kurtosis
Writing Samples 100.93 (15.01) 280 (93.3%)  -313  140. 97.94 (13.32) 156 (86.7%)  -.275 109
Word Attack 100.98 (14.91) 248 (82.7%)  -.322 237  91.39(13.93) 134 (74.4%)  .180 .069
Picture Vocabulary 98.90 (14.70) 259 (86.3%)  .097  054. 99.18 (14.62) 101 (56.1%)  -.091 277
Oral Comprehension 100.57 (15.80) 274 (91.3%)  -.103 .492 102.73 (14.16) 97 (53.9%)  -.630 1.037
Reading Vocabulary 101.01 (14.28) 203 (67.7%)  .121 .155 96.60 (18.21) 89 (49.4%)  .688 486
Quant. Concepts 99.95(15.73) 234 (78.0%)  -480  1.61 101.97 (18.58) 82 (45.6%)  .163 -543
Academic Knowledge 100.08 (15.52) 275 (91.7%) 035 -114 98.82 (16.78) 94 (52.2%)  -.374 1.555
Memory for Names 101.29 (15.72) 225 (75.0%)  -.108 .196 100.96 (15.18) 92 (51.1%)  .323 -.067
Number Series 100.98 (16.57) 272 (90.7%) -914  D.44 105.25(16.90) 66 (36.7%) -.334 _112
Number Matrices 97.82 (16.51) 241 (80.3%)  .068 8.68 104.72 (15.64) 66 (36.7%)  -.593 -.754
Cross Out 101.27 (15.47) 206 (68.7%)  .080 852 100.78 (14.98) 93 (51.7%)  -.348 300
Memory for Sentences 99.47 (15.22) 259 (86.3%)  .085 .648 100.40 (14.78) 94 (52.2%)  -.110 -.360
Block Rotation 100.75 (15.31) 162 (54.0%)  -454 584  105.56 (18.74) 71 (39.4%)  .536 2.029
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Table 5

Univariate descriptive statistics for the SLD Math and SLD Writing groups

SLD Math SLD Writing
WJ-IIl Test Mean D) N (% present) Skewness Kurtosis MeSDY N (% present) Skewness Kurtosis
Verbal Comprehension 98.07 (12.33) 223 (96.5%) .064 .951 103.11 (15.26) 138 (92.6%) -.209 1.157
Visual-Auditory Learning 91.49 (14.10) 222 (96.1%) .396 .550 100.90 (13.97) 140 (94.0%) -.184 -.353
Spatial Relations 98.17 (12.05) 218 (94.4%) -205 993. 102.33 (15.45) 127 (85.2%) -.357 .068
Sound Blending 100.39 (12.99) 224 (97.0%) -.407 2.21  99.94 (15.90) 142 (95.3%) 199 .333
Concept Formation 95.96 (13.84) 224 (97.0%) -441 814. 104.89 (15.27) 142 (95.3%) -.410 525
Visual Matching 94.42 (15.54) 222 (96.1%) -.315 957  96.59 (13.93) 141 (94.6%) 115 222
Numbers Reversed 96.61 (16.43) 218 (94.4%) -550 51 .6 100.18 (15.70) 127 (85.2%) -.235 115
Incomplete Words 105.48 (12.06) 206 (89.2%) .063 50.9 101.43(14.31) 135 (90.6%) .052 1.178
General Information 98.69 (12.39) 213 (92.2%) 147 163 103.66 (15.72) 123 (82.6%) -.454 538
Retrieval Fluency 98.37 (12.67) 214 (92.6%) -474 .280 97.85(14.63) 125 (83.9%) -.359 .700
Picture Recognition 99.37 (13.02) 222 (96.1%) .020 2.908 100.54 (14.54) 140 (94.0%) .092 525
Auditory Attention 99.37 (14.71) 206 (89.2%) -392 456 98.12 (15.82) 117 (78.5%)  -1.393 4.247
Analysis-Synthesis 94.42 (13.61) 223 (96.5%) 098 .233 103.88 (17.84) 140 (94.0%) -.741 1.974
Decision Speed 99.19 (16.19) 217 (93.9%) -.544 8.91 100.11 (15.11) 126 (84.6%) 468 -.263
Memory for Words 101.10 (14.80) 223 (96.5%) -024 387 101.12 (14.90) 140 (94.0%) .081 934
Rapid Picture Naming 97.16 (13.30) 82 (35.5%) -073 -.092 97.35(15.98) 115 (77.2%) -.389 1.496
Pair Cancellation 97.27 (11.98) 202 (87.4%) -405  689. 99.33 (9.68) 118 (79.2%) 529 194
Letter-Word Identification  100.17 (11.91) 227 (983 -.685 3.926 99.43 (16.13) 147 (98.7%) 221 1.350
Story Recall 100.45 (12.30) 211 (91.3%) .002 132 108.66 (14.42) 126 (84.6%) -.150 1.071
Calculation 86.47 (14.12) 225 (97.4%) -1.107 2.004 104.98 (17.71) 144 (96.6%) -.202 .049
Math Fluency 87.48 (14.33) 223 (96.5%) .074 257 98.13 (15.71) 133 (89.3%) .064 .004
Writing Fluency 100.89 (16.35) 228 (98.7%) -195  85Mm 85.64 (16.50) 144 (96.6%) 226 1.247
Passage Comprehension 100.80 (12.82) 228 (98.7%) 656 -.  2.783 100.92 (15.32) 147 (98.7%) -.175 156
Applied Problems 87.66 (11.89) 225 (97.4%) -1.070 551 107.94 (14.99) 144 (96.6%) 179 -.049
(Continued)
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Table 5 (cont.)

SLD Math SLD Writing
WJ-IIl Test Mean 6D) N (% present) Skewness Kurtosis Me8D)( N (% present) Skewness Kurtosis
Writing Samples 98.30 (11.65) 220 (95.2%)  -.180 320  94.48 (14.64) 144 (96.6%)  -1.389 3.235
Word Attack 98.00 (12.23) 220 (95.2%)  -.376 1.910 97.71(13.73) 146 (98.0%)  -.829 3.033
Picture Vocabulary 100.01 (13.21) 88 (38.1%) 170 199.  102.27 (15.55) 134 (89.9%)  -.007 221
Oral Comprehension 101.86 (15.44) 89 (38.5%)  -007 .571 103.66 (17.41) 132 (88.6%) 343 1.714
Reading Vocabulary 96.54 (15.71) 74 (32.0%) -394 278.  103.84 (16.28) 123 (82.6%) 249 1.379
Quant. Concepts 87.62 (15.08) 132 (57.1%)  -435  14.0 102.55(20.70) 119 (79.9%)  -.579 1.057
Academic Knowledge 97.83 (15.37) 87 (37.7%) -112 433 104.65 (17.24) 126 (84.6%) 122 1.367
Memory for Names 101.10 (16.97) 84 (36.4%) 271 7.98 100.92 (15.21) 129 (86.6%) 286 359
Number Series 90.52 (19.56) 75 (32.5%)  -.837 1.742 102.09 (20.66) 112 (752%)  -.526 905
Number Matrices 92.17 (15.90) 77 (33.3%)  -.341 6.29 103.34 (15.51) 112 (75.2%)  -.253 -.635
Cross Out 99.63 (18.37) 85 (36.8%)  -.600 776  99.85(15.22) 130 (87.2%)  -.056 _.056
Memory for Sentences 101.34 (15.95) 85 (36.8%) 128 -.064 103.67 (16.04) 130 (87.2%)  -.177 1.004
Block Rotation 99.44 (14.99) 73 (31.6%) 1517 5.995 105.97 (15.07) 106 (71.1%)  -.183 1.305
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Table 6

Final CHC model results for individual groups

Group 2 df CFI RMSEA AIC BIC aBIC

Norm 377.87 292  .966 .031 6933.87 22530.90 12120.85
SLD Reading 426.16 294  .910 .050 6978.16  22565.68 12161.97
SLD Math 381.65 292 955 .037 6937.65 22534.68 12124.63
SLD Writing 472.87 203  .913 .064 7026.87 22619.15 12212.27
Multi-group Model  1659.29 1171  .939 .044* 645729 17871.96 10253.37

Note CFI = Comparative Fit Index, aRMSEA = Root Meau&re Error of Approximation, AIC = Akaike Inforniamn Index,
BIC = Baysian Information Criterion, aBIC = Sam@ize-Adjusted Baysian Information Criterio#djusted for multiple
groups, RMSEA* K groups
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Table 7

Results for measurement invariance tests

Model 2 (df) 2( df p CFlI CFl aRMSEA  AIC BIC aBIC
1. Configural Model 1659.29 (1171) .939 .044 6457.29 17871.96 10253.38
2. Narrow Factor Loadings Equal 1713.46 (1204) B43B) .012 .937 -.002 .044 6445.46 17703.11 1@3RB9.
3. Broad Factor Loadings Equal 1766.51 (1250) 58485 .221 .936 -.001 .044 6406.51 17445.29 10®&77.5
4. g Factor Loadings Equal 1808.53 (1268) 42.01 (18)01.0 .933 -.003 .044 6412.53 17365.66 10055.12
5. Subtest Residuals Equal 2107.98 (1348) 299@p (8000 .906 -.027 .052 6551.98 17124.46 10067.98
5a. Story Recall Free for Norm only 2065.25 (1347256.72 (79) .000 .911 -.022 .050 6511.25 17088.40028.84
5b. Rapid Picture Naming Free for Norm only =~ 20545346) 246.04 (78) .000 .912 -.021 .050 6502.57084757 10021.74
5c¢. Pair Cancellation Free 1981.64 (1343) 173.52 (v.000 .921 -.012 .048 6435.64 17031.92 9959.56
5d. Spatial Relations Free 1957.51 (1340) 148.28 (7.000 .923 -.010 .046 6417.51 17028.06 9946.17
5e. Number Matrices Free 1948.36 (1337) 139.83 (6900 .924 -.009 .046 6414.36 17039.18 9947.77
5f. Concept Formation Free for Norm only 1936.133@) 127.64 (68) .000 .925 -.008 .046 6404.17 17083 9939.16
5g. Analysis Synthesis Free 1923.02 (1333) 11489 ( .000 .927 -.006 .046 6397.02 17040.88 9936.76
5h. Incomplete Words Free for SLD Math only  19094332) 100.93 (64) .002 .928 -.005 .046 6385.4503807 9926.77
5i. Auditory Attention Free 1897.83 (1329) 89.30)6 .011 .929 -.004 .044 6379.83 17042.72 9925.90
6. Narrow Ability Residual Variances Equal 1929(1847) 31.32(18) .026 .928 -.001 .044 6375.15 263 9892.74
7. Broad Ability Residual Variances Equal 1998.8348) 69.70 (21) .000 .922 -.006 .046 6402.85 16880 9887.21
7a. Ga Free 1976.76 (1365) 47.61 (18) .000 .924 04-.0 .046 6386.76 16878.36 9875.87
7b. Gc Free 1955.54 (1362) 26.39 (15) .034 .926 02-.0 .046 6371.54 16877.41 9865.39
8. g Variance Equal 1957.27 (1365) 1.73(3) .629 .926000. .046 6367.27 16858.87 9856.38

Note CFIl = Comparative Fit Index, aRMSEA = AdjustedodRblean Square Error of Approximation, AIC = Akaikdormation Index, BIC = Baysian
Information Criterion, aBIC = Sample Size-Adjus®dysian Information Criterion. Compare each modéahe previous model, except models 5a-5i
are compared to model 4, and models 7a and 7toarpared to model 6.
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Table 8

Results for Basic Reading Skills

Model 2 dh 2( d p CFl aRMSEA  AIC BIC aBIC
Part 1: Add constraints to individual structurattz
1. Initial model (no equality constraints) 2108(1355) .929 .046 7388.13 19949.50 11565.57

2. KO constrained
3. PS constrained

3a. PS constrained (SLD Reading Free)
4. RQ constrained

4a. RQ constrained (Norm Free)

4b. RQ Constrained (SLD Writing Free)

4c. RQ Constrained (Norm & SLD Writing Free)

5. MS constrained
5a. MS constrained (Norm Free)
5b. MS constrained (SLD Writing Free)

5c. MS Constrained (Norm & SLD Writing Free)

6. MA Constrained
6a. MA constrained (Norm Free)
7. Gsm constrained
7a. Gsm constrained (SLD Math Free)

7b. Gsm constrained (SLD Reading Free)
7c. Gsm constrained (SLD Math & SLD Reading Free) 10813 (1456)

2108.27 (1458) 14(3) 987 929  .046
2111.87 (1458)  3.73(3) .292 .929  .046
2109.49 )14572.38 (1)  .123 .929  .046
2110.05 (1458)  1.92(3) .590 .929  .046
2110.05 (1457) 100 ( .964 929  .046
2109.99 (457 .07 (1) .797 .929  .046
21(D(2456) 07(2) 966 .929  .046
2116.75(1458)  8.61(3) .035 .928  .046
2114.83 (1457) (192 .165 .928  .046
2113.06 (1457 3.69(1) .055 .928  .046
2108(@456) 7.81(2) .020 .929  .046
2112.24 (1458)  4.10(3) .251 .929  .046
2109.62 (1457) 212 .106 .929  .046
2111.25 (1458)  3.12(3) .374 .929  .046
2109.21 (1457)2.05 (1)  .153 .929  .046
2111.2270145 .03 (1) .865 .929  .046
3.12(2) 210 .929  .046

7382.27 1929 11554.96

7385.87 238 11558.55
7385.49 19937.34  11559.76

7384.05 1998 11556.74
7386.05 19937.90 11560.32
7385.99 19937.84  11560.25

7387.98 19944.59 563183
7390.75 I9BB 11563.43
7390.83 19942.68  11565.09
7389.06 19940.91  11563.33
7386.94 19943.551562.79

7386.24 3BB  11558.92
7385.62 19937.47  11559.89

7385.25 238 11557.94
7385.21 19937.06  11559.47
7387.22 19939.08  11561.49

7386.13 19912 11561.98

Part 2: Sensitivity Analysis

8. All structural paths constrained 2130.40 (1473) .928 .046 7374.40 19850.12  11523.35
9. KO free 2128.44 (1470) 1.96 (3) 581 .928 .046 7378.44 @985 11532.14
10. PS free 2122.78 (1470) 7.61(3) .055  .929 .046 737278 2985 11526.48
10a. PS free (SLD Reading only) 2125.74 (1472) 4166 .031 .929 .046 7371.74 19852.22  11522.27
11. RQ free 2126.69 (1470) 3.71(3) 295 928 .046 7376.69 @&¥H 11530.39
1la. RQ free (Norm only) 2130.16 (1472) 24 (1) 5.62.928 .046 7376.16 19856.64 11526.69
11b. RQ free (SLD Writing) 2130.39 (1472) .01 (1) 938 .928 .046 7376.39 19856.87  11526.92
11c. RQ free (Norm & SLD Writing only) 2130.15 (117 .25 (2) .884 .928 .046 7378.15 19863.39  11530.27
(Continued)
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Table 8 (cont.)

Model

12. MS free
12a. MS free (Norm only)
12b. MS free (SLD Writing)
12c. MS free (Norm & SLD Writing)
13. MAfree
13a. MA free (Norm only)
14. Gsm free
14a. Gsm free (SLD Math only)
14b. Gsm free (SLD Reading only)
14c. Gsm free (SLD Reading & SLD Math only)

2 (df) 2(d) p CFl aRMSEA AIC BIC aBIC
2122.49 (1470)  7.91(3) .048 .929  .046  7372.49 2986 11526.19
2129.62 (1472) 78 (1) 637.928  .046  7375.62 19856.10 11526.15
2127.44 (1472)  2.96(1).086 .928  .046  7373.44 19853.92 11523.97
2125.25 (1471) 15.2) .076 .929  .046  7373.25 19858.49  11525.37
2128.23 (1470)  2.16(3) .539 .928  .046  7378.23 8B 11531.93
2128.78 (1472)  1.62(1) 032 .928  .046  7374.78 19855.26  11525.31
2127.38 (1470)  3.01(3) .389 .928  .046  7377.38 IS 11531.08
212756 (1472)  2BA( .092 .928  .046 737356 19854.04  11524.09
2129.30 (1472) 011) .294 .928  .046 737530 1985578  11525.83

2127(3971) 3.01(2) 222 .928 .046 7375.39 19860.62 527150

15. Final Model
15a. Final Model (MS constrained for Norm)

Part 3: Final Model Specification
2119.64 (1470) 11.50 (15) .716 .929 .046
2122.691471) 3.05(1) .081 .929 .046

7369.64859%H3  11523.33
7370.69 19855.92 221D

Note KO, = Knowledge, PS = Perceptual Speed, RQ = (@atinve Reasoning, MS = Memory Span, MA = AssaeatMemory, Gsm = Short-term Memory, CFI
= Comparative Fit Index, aRMSEA = Adjusted Root M&xiuare Error of Approximation, AIC = Akaike Infoation Index, BIC = Baysian Information
Criterion, aBIC = Sample Size-Adjusted Baysian tnfation Criterion. In Part 1, compare models thdy thave numbers to Model 1 (e.g., Model 2 is coraga
to Model 1). Models with alphabetic characters.(e2g, 2b) are compared to the model without ahadptic character to the same number (e.g., M@detd

2b are compared to Model 2). For the Sensitivitalksis, all models are compared to the fully caistd model (Model 8). Model 15 is compared to Mdde

The Final Model presented in Figure 3 is in bold.
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Table 9

Total, direct, and indirect effects for Basic Reading Skills

Norm SLD Reading SLD Math SLD Writing
Cognitive ability Total Direct Indirect Total Direct Indirect Total Direct Indirect Total Direct Indirect
Unstandardized Effects
g .728 - .728 .827 - .827 728 - 728 .830 - .830
Glr .035 -- .035 .035 - .035 .035 - .035 .035 - .035
MA .035 .035 - .035 .035 - .035 .035 -- .035 .035 -
Gc .310 - .310 .310 - .310 .310 - 310 .310 - .310
KO 321 321 - 321 .321 - 321 321 - 321 321 -
Gf 149 - .149 149 - .149 .149 - .149 149 - 149
RQ 149 149 - .149 .149 .149 .149 - 149 149 -
Gsm 437  .364 .073 437 .364 073 437 .364 .073 .593 .364 .228
MS .073 .073 - .073 .073 .073 .073 -- 228 .228 -
Gs .007 - .007 .237 -- 237 .007 - .007 .007 - .007
PS .007 .007 -- 237 .237 -- .007 .007 - .007 .007 --
Standardized Effects
g .664 - .664 .708 - .708 735 - .735 .708 - .708
Glr .039 - .039 .027 - .027 .032 - .032 .029 - .029
MA .041 .041 - .038 .038 - .043 .043 -- .028 .028 -
Gc .332 - 734 .348 - .348 .320 - .320 .320 - .320
KO 344 344 -- .347 .347 -- 331 331 - .326 .326 -
Gf 150 - .150 139 - .139 .160 - .160 .149 - 149
RQ 170 .170 -- 161 .161 -- .186 .186 - 472 72 -
Gsm .303 .253 .050 349 201 .058 355  .296 .059 414 .254 .159
MS .076 .076 - .077 077 -- .082 .082 -- 226 226 -
Gs .005 - .005 .155 -- .155 .006 - .006 .004 - .004
PS .005 .005 -- 191 191 -- .006 .006 - .005 .005 --
Variance 56% 69% 64% 68%

explained in BRS
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Note. g= General Cognitive Ability, GIr = Long-term Redvial, MA = Associative Memory, G¢c = Comprehensiamiledge, KO = Knowledge, Gf = Fluid
Reasoning, RQ = Quantitative Reasoning, Gsm = Skhort Memory, MS = Memory Span, Gs = Processinge8pES = Perceptual Speed, BRS = Basic

Reading Skills. Direct effects in bold are statially significant,p < .05
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Table 10

Results for Reading Comprehension

Model 2 (d) 2( df p CFl  aRMSEA AIC BIC aBIC
Part 1: Add constraints to individual structurathza
1. Initial model (No equality constraints) 2079(2@66) .932 .044 7337.26 19846.29  11497.29
2. KO constrained 2080.04 (1469) .78 (3) .854 932 .044 7332.04 19¥P6 11487.32
3. RN constrained 2082.70 (1469)  3.44 (3) 329  .932 .044 7334.70 99BY 11489.98
3a. RN constrained (SLD Writing free) 2079.68 (1468 3.02 (1) .082 .932 .044 7333.68 19833.19 11490.54
4. PS constrained 2082.84 (1469) 3.57 (3) 311 932 .044 7334.84 Q¥® 11490.12
4a. PS constrained (SLD Norm free) 2080.75 (1468).09 71) 149 932 .044 7334.75 19834.26 11491.61
5. RQ constrained 2085.65 (1469)  6.38 (3) .094 931 .044 7337.65 29BB 11492.93
5a. RQ constrained (SLD Reading free) 2079.94 (14685.70 (1) .017 .932 .044 7333.94 19833.46  11490.81
5b. RQ constrained (SLD Math free) 2085.59 (1468) 06 (1) .808 .931 .044 7339.59 19839.10 11496.45
5c. RQ constrained (SLD Reading & SLD Math free) 7230 (1467) 6.35(2) .042 932 .044 7335.30 198B9. 11493.74
Part 2: Sensitivity Analysis
6. All structural paths constrained 2094.57 (1478) .931 .044 7328.57 19780.50 11469.61
7. KO free 2093.01 (1475) 1.57 (3) .667 .931 .044 7333.01 Q@O 11478.79
8. RN free 2091.97 (1475) 2.61 (3) 457 931 .044 733197 8w/ 11477.75
8a. RN free (SLD Writing Only) 2093.45 (1477) 112 289 .931 .044 7329.45 19786.14  11472.07
9. PS free 2091.14 (1475)  3.43 (3) 330 .932 .044 733114 IB® 11476.93
9a. PS free (Norm Only) 2094.55 (1477) .02 (1) .893031 .044 7330.55 19787.24  11473.17
10. RQ free 2089.30 (1475)  5.27 (3) 153 .932 .044 7329.30 B%O 11475.09
10a. RQ free (SLD Reading Only) 2090.02 (1477) 485 .033 .932 .044 7326.02 19782.71 11468.64
10b. RQ free (SLD Math Only) 2094.55 (1477) .02 (1) .888 .931 .044 7330.55 19787.24  11473.17
10c. RQ free (SLD Reading & SLD Math Only) 2089(8376) 5.05(2) .080 .932 .044 732753 19788.98 7117
Part 3: Final Model Specification
11. Final Model 2090.02 (1477) 10.76 (11) 463 932 .044 7326.02 78291  11468.64

Note KO = Knowledge, RN = Rapid Naming, PS = Percdffjmeed, RQ = Quantitative Reasoning, CFl = Contper&it Index, aRMSEA = Adjusted Root
Mean Square Error of Approximation, AIC = Akaikddmmation Index, BIC = Baysian Information CritemicaBIC = Sample Size-Adjusted Baysian
Information Criterion. In Part 1, compare modelsttbnly have numbers to Model 1 (e.g., Model Zoismpared to Model 1). Models with alphabetic charesct
(e.g., 2a, 2b) are compared to the model withowtlphabetic character to the same number (e.g.eMd&h and 2b are compared to Model 2). For the
Sensitivity Analysis, all models are compared ®@fillly constrained model (Model 6). Model 11 ismqmared to Model 1. The Final Model presented inuFégd

is in bold.

179



Table 11

Total, direct, and indirect effects for Reading Comprehension

Norm SLD Reading SLD Math SLD Writing

Cognitive Ability Total Direct Indirect Total Direct Indirect Total Direct Indirect Total Direct Indirect

Unstandardized Effects

9 685 - 685 838 - 838 685 - 685 685 - 685
Ge 580 - 580 580 - 580 580 - 580 580 - 580
KO 569 569 - 569 569 - 569 569 - 569 569 -
Gf 157 - 157 309 - 309 157 - 157 157 - 157
RQ 157 157 - 309 .309 - 157 157 - 157 157 -
Gs 113 - 113 113 - 113 113 - 113 113 - 113
PS 070 .070 - 070 .070 - 070 070 - 070 070 -
RN 090  .090 - 090  .090 - 090 090 @ 090 .00 -

Standardized Effects

9 734 - 734 747 - 747 841 - 841 746 - 746
Ge 727 - 727 672 - 672 725 - 725 759 - 759
KO 702 702 - 632 632 - 717 717 - 759 759 -
Gf 184 - 184 297 - 297 204 - 204 198 - 198
RQ 205 205 - 359 359 - 235 235 - 228 228 -
Gs 095 - 095 .095 - .095 113 - 113 094 - 094
PS 066  .066  -- 058 058 - 075 075 - 067  .067 -
RN 111 111 - 069  .069 - 097 097 - 098 .098 -

Variance 89% 94% . 98% 97%

explained in RC

Note. g= General Cognitive Ability, Gc = Comprehensionfiviedge, KO = Knowledge, Gf = Fluid Reasoning, RQuantitative Reasoning, Gs =
Processing Speed, PS = Perceptual Speed, RN = Rapithg, RC = Reading Comprehension. Direct effact®ld are statistically significan,< .05.
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Table 12

Results for Math Calculation Skills

Model 2 (df) 2 ( df p CFI aRMSEA AIC BIC aBIC
Part 1: Add constraints to individual structurathza
. Initial model (No equality constraints) 2128(1158) .925 .046 7402.71 19949.81 11575.40
. Gc constrained 2136.23 (1461) 7.52 (3) .057 .924 .046 7404.23 19937.05 11572.17
2a. Gc constrained (SLD Math free) 2132.54 (1460) .69%1) .055 .925 .046 7402.54 19940.12 11572.06
. RN constrained 2132.25 (1461) 3.54 (3) .316 .925 .046 7400.25 19933.07 11568.19
3a. RN constrained (Norm free) 2131.16 (1460) 1199 .296 .925 .046 7401.16 19938.74 11570.68
. RQ constrained 2136.98 (1461) 8.27 (3) .041 .924 .046 7404.98 19937.80 11572.92
4a. RQ constrained (Norm free) 2135.51 (1460) w7 225 .924 .046 7405.51 19943.09 11575.03
4b. RQ constrained (SLD Reading free) 2134.07 (1460 2.92 (1) .088 .924 .046 7404.07 19941.65 11573.59
4c. RQ constrained (SLD Math free) 2132.10 (1460) .8841) .027 .925 .046 7402.10 19939.68 11571.62
4d. RQ constrained (SLD Writing free) 2136.31 (1460 .68 (1) 411 .924 .046 7406.31 19943.89 11575.83
5. Gsm constrained 2130.42 (1461) 1.71 (3) .635 5.92 .046 7398.42 19931.24 11566.36
5a. Gsm constrained (SLD Math free) 2129.97 (1460) .45 (1) .504 .925 .046 7399.97 19937.55 11569.49
6. PS constrained 2130.28 (1461) 1.57 (3) .667 .925 .046 7398.28 19931.10 11566.22
6a. PS constrained (Norm free) 2129.74 (1460) 1%4 ( .462 .925 .046 7399.74 19937.32 11569.26
6b. PS constrained (SLD Reading free) 2129.80 (L1460 .48 (1) .488 .925 .046 7399.80 19937.38 11569.32
6¢. PS constrained (SLD Math) 2129.57 (1460) J1 (2 .400 .925 .046 7399.57 19937.15 11569.09
6d. PS constrained (SLD Writing free) 2129.96 (1460 .32 (1) 572 .925 .046 7399.96 19937.54 11569.48
Part 2: Sensitivity Analysis
7. All structural paths constrained to equality am (1473) .923 .046 7400.99 19876.71 11549.94
8. Gc free 2149.95 (1470) 7.04 (3) .071 .924 .046 7399.95 Q9B 11553.65
8a. Gc free (SLD Math only) 2153.80 (1472) 3.19(1) .074 .924 .046 7399.80 19880.28 11550.33
9. RN free 214588 (1470)  11.10 (3) .011 .924 .046 7395.88 8198 11549.58
9a. RN free (Norm only) 2156.75 (1472) .23 (1) .629 .923 .046 7402.75 19883.24 11553.29
9b. RN free (SLD Reading) 2149.98 (1472) 7.01 (1) 008. .924 .046 7395.98 19876.46 11546.51
9c. RN free (SLD Math) 2150.15 (1472) 6.84 (1) .009 .924 .046 7396.15 19876.63 11546.68
9d. RN free (SLD Writing) 2156.99 (1472) .00 (2) 649 .923 .046 7402.99 19883.47 11553.52
(Continued)
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Table 12 (cont.)

Model 2 (df) 2( df p CFlI aRMSEA AlC BIC aBIC

10. PS free 2145.09 (1470)  11.90 (3) .008 .924 .046 7395.09 839® 11548.78
10a. PS free (Norm only) 2156.64 (1472) .35 (1) 3.55 .923 .046 7402.64 19883.12 11553.17
10b. PS free (SLD Reading only) 2149.63 (1472) 1136 .007 .924 .046 7395.63 19876.11 11546.16
10c. PS free (SLD Math only) 2149.99 (1472) 7.00 (1 .008 .924 .046 7395.99 19876.47 11546.52
10d. PS free (SLD Writing only) 2156.38 (1472) (@) 437 .923 .046 7402.38 19882.86 11552.91

11. RQ free 2141.01 (1470) 15.98 (3) .001 .925 .046 7391.01 19881.01 11544.71
11a. RQ free (SLD Reading only) 214545 (1472) 418 .001 .925 .046 7391.45 19871.93 11541.98
11b. RQ free (SLD Math only) 2148.97 (1472) 8.0L (1 .005 .924 .046 7394.97 19875.46 11545.51
11c. RQ free (SLD Writing only) 2156.70 (1472) @9 .590 .923 .046 7402.70 19883.18 11553.23
11d. RQ free (Norm only) 2156.26 (1472) 72 (1) 539 .923 .046 7402.26 19882.74 11552.80

12. Gsm Released 2146.85 (1470) 10.14 (3) .017 .924 .046 7396.85 19886.85 11550.55
12a. Gsm free (SLD Math only) 2151.11 (1472) 5B8( .015 .924 .046 7397.11 19877.59 11547.64

Part 3: Final Model Specification

13. Final Model 2135.59 (1465) .925 .046 7395.59 19909.37 11557.19
13a. Set Gc to zero for all but SLD Math 2139.5964) 4.00 (1) .046 .925 .046 7397.59 19906.62 1157
13b. Set RN equal across all groups 2144.16 (1468%.57 (2) .102 .924 .046 7398.16 19897.67 11555.02
13c. Set PS equal across all groups 2141.45 (1468)1.87 (2) .393 .925 .046 7395.45 19894.97 11552.32
13d. Set Gsm equal across all groups 2140.38 (1467) .79 (1) 373 .925 .046 7396.38 19900.65 11554.82
13e. Set RQ equal across all groups 2148.70 (14689.11 (2) .011 .924 .046 7402.70 19902.21 11559.56

14. Final model 2144.98 (1471) 5.39 (5) .370 .924 .046 7392.98 19878.22 11545.09

Note Gc = Comprehension/Knowledge, RN = Rapid Nami@,= Quantitative Reasoning, PS = Perceptual Sgggt, = Short-term Memory, CFl =
Comparative Fit Index, aRMSEA = Adjusted Root M&myuare Error of Approximation, AIC = Akaike Infortian Index, BIC = Baysian Information Criterion,
aBIC = Sample Size-Adjusted Baysian Informatiort&€ion. In Part 1, compare models that only havelmers to Model 1 (e.g., Model 2 is compared to Mode
1). Models with alphabetic characters (e.g., 23,826 compared to the model without an alphabéidgcacter to the same number (e.g., Models 2a arsde2b
compared to Model 2). For the Sensitivity Analysits,models are compared to the fully constrainedieh (Model 7). Model 14 is compared to Model 1eTh

Final Model presented in Figure 5 is in bold.
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Table 13

Total, direct, and indirect effects for Math Calculation Skills

Norm SLD Reading SLD Math SLD Writing
Cognitive ability Total Direct Indirect Total Direct Indirect Total Direct Indirect Total Direct Indirect
Unstandardized Effects
g 762 - 762 973 - 973 .605 -- .605 762 - 762
Gc .034 .000 .034 .034 .000 .034 .156 122 .034 .034 .000 .034
Gf .488 -- .488 .699 - .699 .230 - .230 488 - - .488
RQ 488 .488 -- .699 .699 - .230 .230 - 488  .488 --
Gs 231 - 231 231 - 231 231 - 231 231 - - 231
PS 191 191 -- 191 191 - 191 191 - 191 191 -
RN .090 .090 -- .090 .090 - .090 .090 - .090 090. --
Gsm 216 .216 -- 216 216 - 216 216 - .216 216 -
Standardized Effects

g 707 - .707 776 - 776 .696 -- .696 734 - 734
Gc .037 .000 .037 .036 .000 .036 .183 143 .040 .039 .000 .039
Gf .500 -- .500 597 - 597 279 - 279 529 - - B29
RQ 555 555 -- .708 .708 - .344 .344 - 642 642 --
Gs .186 - .186 .150 - .150 .243 - .243 .87 - - 187
PS .168 .168 -- 147 147 - 224 224 - 176 176 -
RN .098 .098 -- .061 .061 - .092 .092 - .084 .084 -
Gsm 148 148 -- 154 .154 - 194 194 - 172 72 -

Note. g= General Cognitive Ability, Gc = Comprehensiontiviedge, Gf = Fluid Reasoning, RQ = Quantitativa$ing, Gs = Processing Speed, PS =
Perceptual Speed, RN = Rapid Naming, MCS = Matle@ation Skills. Direct effects in bold are stdtatly significant,p < .05
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Table 14

Results for Applied Math

Model 2 (df) 2 ( df) p CFl  aRMSEA AIC BIC aBIC
Part 1: Add constraints to individual structuratiz

1. Initial model (No equality constraints) 20718364) .938 .044 7333.83 19852.38 11497.02

2. KO constrained 2074.11 (1467) 2.27 (3) 518 .938 .044 7330.11 4198 11488.55
2a. KO constrained (SLD Reading free) 2073.22 (466 .88 (1) 347 938 .044 7331.22  19840.25 11491.25

3. RQ constrained 2087.01 (1467) 15.18 (3) .002 937 .044 7343.01 4198 11501.45
3a. RQ constrained (Norm free) 2086.71 (1466) 130( .585 .937 .044 734471  19853.74 11504.74
3b. RQ constrained (SLD Reading free) 2075.60 (146611.41 (1) .001 .938 .044 7333.60 19842.63 11493.6
3c. RQ constrained (SLD Math free) 2078.75 (1466) .2681) .004 .938 .044 7336.75  19845.78 11496.78
3d. RQ constrained (SLD Writing free) 2086.50 (1466 .50 (1) A77 937 .044 7344.50 19853.53 11504.53
f’ri'e;?Q constrained (SLD Math & SLD Reading 5,75 35 (1465)  14.66 (2) 001 .938 044 733235 4698F  11493.96

4. VZ constrained 2085.82 (1467) 13.99 (3) .003 937 .044 7341.82 469D 11500.27
4a. VZ constrained (SLD Writing free) 2078.49 (1¥66 7.33 (1) .007 .938 .044 7336.49 19845.52 11496.51
4b. VZ constrained (SLD Math Free) 2082.89 (1466) .9341) .087  .937 .044 7340.89 19849.92 11500.92
4c. VZ constrained (SLD Math & SLD Writing free)  20.83 (1465) 13.99 (2) .001 .938 .044 7331.83 195 11493.44

Part 2: Sensitivity Analysis

5. All structural paths constrained to equality 200 (1473) .935 .044 7349.90 19825.63 11498.85

6. KO free 2096.60 (1470) 9.30 (3) .026 .936 .044 7346.60  GIEB 11500.30
6a. KO free (SLD Reading only) 2102.60 (1472) 3Bo .069 .936 .044 7348.60  19829.08 11499.14

7. RQ free 2087.59 (1470) 18.32(3) .000 .937 .044 733759 21%D 11491.29
7a. RQ free (Norm only) 2105.90 (1472) .00 (1) .956935 .044 7351.90 19832.38 11502.43
7b. RQ free (SLD Reading only) 2098.11 (1472) 19 .005 .936 .044 7344.11  19824.59 11494.64
7c. RQ free (SLD Math only) 2093.02 (1472) 12.89(1 .000 .937 .044 7339.02  19819.50 11489.55
7d. RQ free (SLD Writing only) 2102.37 (1472) 333 .060 .936 .044 7348.37  19828.85 11498.90
7e. RQ free (SLD Reading and SLD Math only) 2089BI/1) 16.60 (2) .000 .937 .044 7337.31 19822.55 1489.42

8. VZ free 2095.55 (1470) 10.35(3) .016  .936 .044 734555 35%b 11499.25
8a. VZ free (SLD Writing only) 2096.99 (1472) 8.0 .003 .936 .044 734299  19823.48 11493.53
8b. VZ free (SLD Math only) 2100.95 (1472) 496 (1) .026 .936 .044 7346.95  19827.43 11497.48

(Continued)
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Table 14 (cont.)

Model 2 (df 2 ( df) p CFl  aRMSEA AIC BIC aBIC
8c. VZ free (SLD Writing and SLD Math only) 2095.61471) 10.34 (2) .006 .936 .044 7343.57  19828.81 149%.68
Final Model Specification
9. Final Model 2077.69 (1469) 5.86 (5) 320 .938 .044 7329.69 498 11484.97
9a. Set VZ equal for SLD Writing and SLD Math 207769 (1470) .00 (1) .964  .938 .044 7327.69  19817.69 1481.39
9h. Set RQ equal for SLD Reading and SLD Math 24921471) 24.93(1) .000 .936 .044 7350.63 19835.8711502.74

Note KO = Knowledge, RQ = Quantitative Reasoning, V¥isualization. CFl = Comparative Fit Index, aRMSEAdjusted Root Mean Square Error of
Approximation, AIC = Akaike Information Index, BIE Baysian Information Criterion, aBIC = Sample Sidjusted Baysian Information Criterion. In Part 1,
compare models that only have numbers to ModeldL, (®lodel 2 is compared to Model 1). Models wilprebetic characters (e.g., 2a, 2b) are compar#teto
model without an alphabetic character to the sanmeber (e.g., Models 2a and 2b are compared to M&)dé&lor the Sensitivity Analysis, all models acenpared
to the fully constrained model (Model 5). Modekbmpared to Model 1. The Final Model presentdeigare 6 is in bold.
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Table 15

Total, direct, and indirect effects for Applied Math

Norm SLD Reading SLD Math SLD Writing
Cognitive Ability ~ Total Direct Indirect Total Direct Indirect Total Direct Indirect Total Direct Indirect
Unstandardized Effects
g 774 - 774 .909 - .909 731 - 731 .892 - .892
Gc 142 - 142 142 - 142 142 - 142 142 - 142
KO 148 148 - .148 .148 - .148 .148 - .148 .148 -
Gf .657 - .657 792 - 792 496 - 496 .657 - .657
RQ .657  .657 - 792 792 - 496 .496 - .657 .657 -
vZ -.003 -.003 -- -.003 -.003 - .203 .203 - .203 .203 -
Standardized Effects
g .815 - .815 .804 - .804 .880 - .880 .789 - .789
Gc 176 - 176 .166 - .166 175 - 175 .154 - .154
KO .182 182 - .165 .165 - .182 .182 - 157 157 -
Gf 773 - 773 .754 - 754 .620 - .620 .680 - .680
RQ .820 .820 - .858 .858 - 717 717 - 769 .769 -
vz -.002 -.002 -- -.003 -.003 -- 192 192 - 147 147 -
variance 92% 95% 97% 94%

explained in AM

Note g = General Cognitive Ability, Gc = Comprehensionfiviedge, KO = Knowledge, Gf = Fluid Reasoning, RQuantitative Reasoning, VZ =
Visualization, AM = Applied Math. Bold values ar@sstically significant at the < .05 level.
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Table 16

Results for Written Expression

Model 2 (df) 2( df p CFI aRMSEA AIC BIC aBIC
Part 1: Add constraints to individual structurathza
1. Initial model (No equality constraints) 2139(4959) .923 .046 7411.49 19953.83 11582.60
2. Gc constrained 2149.05 (1462) 9.56 (3) .023 922 .046 7415.05 399  11581.41
2a. Gc constrained (SLD Norm free) 2148.82 (1461) 24 (1) .628 .922 .046 7416.82 19949.64 11584.76
2b. Gc constrained (SLD Math free) 2140.12 (1461) .9341) .003 .923 .046 7408.12 19940.94 11576.06
2c. Gc constrained (Norm & SLD Math free) 2139.4960) 9.56 (2) .008 .923 .046 7409.49 19947.07 91H7
3. RN constrained 2143.40 (1462) 3.90 (3) 272 .923 .046 7409.40 1988 11575.75
3a. RN constrained (Norm free) 2142.71 (1461) B9 ( .406 .923 .046 7410.71 19943.53 11578.64
3b. RN constrained (SLD Reading free) 2142.44 (1461 .95 (1) .329 .923 .046 7410.44 19943.26 11578.38
3c. RN constrained (SLD Writing free) 2142.14 (1461 1.26 (1) .262 .923 .046 7410.14 19942.96 11578.08
4. RQ constrained 2145.43 (1462) 5.94 (3) 115 .922 .046 7411.43 Q98B  11577.79
4a. RQ constrained (SLD Reading free) 2143.89 (14611.54 (1) .215 922 .046 7411.89 19944.71 11579.83
4b. RQ constrained (SLD Writing free) 2144.35 (1461 1.08 (1) .298 .922 .046 7412.35 19945.17 11580.28
4c. RQ constrained (SLD Reading & SLD Writing
free) 2141.68 (1460) 3.75(2) .153 .923 .046 7411.68 99%  11581.20
5. Gsm constrained 2142.66 (1462) 3.17 (3) 367 3.92 .046 7408.66 19936.72 11575.02
5a. Gsm constrained (SLD Math free) 2139.58 (1461)3.08 (1) .079 .923 .046 7407.58 19940.40 11575.52
6. VZ constrained 2145.15 (1462) 5.66 (3) 129 .922 .046 7411.15 9@o3  11577.51
6a. VZ constrained (Norm free) 2143.19 (1461) 197 161 .923 .046 7411.19 19944.01 11579.13
7. MS constrained 2141.16 (1462) 1.67 (3) .644 .923 .046 7407.16 5¥B  11573.52
7a. MS constrained (SLD Writing free) 2140.40 (1461 .76 (1) .382 .923 .046 7408.40 19941.22 11576.34
Part 2: Sensitivity Analysis
8. All structural paths constrained to equality QBB (1477) .922 .046 7396.50 19853.19 11539.12
9. Gc free 2158.59 (1474) 1.91 (3) .592 922 .046 740059 198y  11547.96
9a. Gc free for Norm only 2160.24 (1476) 26 (1) 086 .922 .046 7398.24 19859.69 11542.44
9b. Gc free for SLD Math 2158.60 (1476) 1.90(1) 681 .922 .046 7396.60 19858.05 11540.80
9c. Gc free for Norm & SLD Math only 2158.60 (1475) 1.90 (2) .386 .922 .046 7398.60 19864.80 11544.38
10. RN free 2160.24 (1474) .26 (3) .967 .922 .046 7402.24 19R¥3 11549.61
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Table 16 (cont.)

Model 2 (df) 2( df p CFI aRMSEA AIC BIC aBIC
10a. RN free for Norm only 2160.40 (1476) .10 (1) 755 .922 .046 7398.40 19859.85 11542.61
10b. RN free for SLD Reading only 2160.50 (1476) 0 (D) .975 .922 .046 7398.50 19859.95 11542.70
10c. RN free for SLD Writing only 2160.25 (1476) 5.) .616 .922 .046 7398.25 19859.70 11542.45
11. Gsm free 2160.00 (1474) .50 (3) .920 .922 .046 7402.00 19872 11549.37
11a. Gsm free for SLD Math only 2160.11 (1476) (BP .531 .922 .046 7398.11 19859.56 11542.31
12. VZ free 2159.93 (1474) .57 (3) .902 .922 .046 740193 19¥2 11549.29
12a. VZ free for Norm only 2160.41 (1476) .09 (1) 767 .922 .046 7398.41 19859.86 11542.61
13. MS free 2160.16 (1474) .34 (3) .953 .922 .046 7402.16 19873 11549.53
13a . MS free for SLD Writing only 2160.49 (1476) 01.(2) 916 .922 .046 7398.49 19859.94 11542.69
14. RQ free 2159.84 (1474) .66 (3) .883 .922 .046 7401.84 1GB72 11549.21
14a. RQ free for SLD Reading only 2160.50 (1476) 0 (D .975 .922 .046 7398.50 19859.95 11542.70
14b. RQ free for SLD Writing only 2160.16 (1476) 4Q) .562 .922 .046 7398.16 19859.61 11542.37
14c. RQ free for SLD Reading & SLD Writing only ~ ZL&63 (1475) .36 (2) .833 .922 .046 7400.13 19866.3411545.92
Part 3: Final Model Specification
15. Final Model (Gc & Gsm free for math) 2157.4271%) .922 .046 7397.47 19863.67 11543.25
15a. Final model (set Gsm equal for all) 2158.60416) 1.13(1) .288 .922 .046 7396.60 19858.05 18810
Alternative Models
16. Gsm equal for all groups, MS removed 2160.867) 3.39(2) .183 .922 .046 7396.86 19853.55 1839
17. MS equal for all groups, Gsm removed 2159.86'7) 2.19 (2) .334 .922 .046 7395.66 19852.35 17838

Note Gc = Comprehension/Knowledge, RN = Rapid Namir@,= Quantitative Reasoning, Gsm = Short-term Me&mdS = Memory Span, VZ = Visualization,
CFI = Comparative Fit Index, aRMSEA = Adjusted Rbtean Square Error of Approximation, AIC = Akaik@drmation Index, BIC = Baysian Information
Criterion, aBIC = Sample Size-Adjusted Baysian tnfation Criterion. In Part 1, compare models thdy thave numbers to Model 1 (e.g., Model 2 is coragdo
Model 1). Models with alphabetic characters (£g,,2b) are compared to the model without an alpti@bharacter to the same number (e.g., Modenda2b are
compared to Model 2). For the Sensitivity Analysils,models are compared to the fully constrainedieh (Model 8). Model 15 is compared to Model 1eHinal
Model for the initial analysis presented in Figdres in bold. The alternative model presented guFé 8 is Model 17.
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Table 17

Total, direct, and indirect effects for Written Expression

Norm SLD Reading SLD Math SLD Writing
Cognitive ability Total Direct Indirect Total Direct Indirect Total Direct Indirect Total Direct Indirect
Unstandardized Effects
g .635 - .635 .635 -- .635 .699 - .699 .635 - 635
Gc 251 185 .066 .251 185 .066 .328 262 .066 .251 185 .066
Gf .138 - .138 138 - 138 .138 - .138 138 - - 138
RQ 138 138 - .138 138 - 138 138 - .138 138 -
Gsm .236 141 .095 .236 141 .095 .236 141 .095 .236 141 .095
MS .095 .095 - .095 .095 - .095 .095 - .095 095. -
Gs .098 - .098 .098 - .098 .098 - .098 .098 - - .098
RN 198 198 - .198 198 - .198 198 - .198 198 -
\/4 151 151 - 151 151 -- 151 151 - 151 151 -
Standardized Effects
g .758 - .758 749 - 749 .888 - .888 .830 - 830
Gc .370 272 .097 410 302 .108 450 360 .091 416 306 110
Gf 181 - 181 179 - 179 .185 - .185 212 - 212
RQ .202 202 - .207 207 - 216 216 - .245 245 -
Gsm .220 132 .088 252 151 101 .246 147 .099 2.25 .151 101
MS 127 127 .186 431 131 .150 137 137 - .139.139 -
Gs .094 - .094 .089 -- .089 .107 - 107 101 - 101
RN .256 256 - .205 205 - .207 207 - .252 252 -
VZ 121 A21 - 182 .182 - 133 133 - 142 142 --
Variance 79% 80% 90% 90%

explained in WE

Note. g= General Cognitive Ability, Gc = Comprehensiontiviedge, Gf = Fluid Reasoning, RQ = Quantitativasing, Gsm = Short-term Memory, MS =
Memory Span, Gs = Processing Speed, RN = Rapid INNgaiZ = Visualization, WE = Written Expression. IBalirect effects are statistically significanttié

p < .05 level.

189



Table 18

Total, direct, and indirect effects for alternative Written Expression model

Cognitive ability

Norm SLD Reading SLD Math SLD Writing

Total Direct Indirect Total Direct Indirect Total Direct Indirect Total Direct Indirect

Unstandardized Effects

g .625 - .625 .625 - .625 .691 -- .691 .625 - 625
Gc 251 .180 .071 251  .180 .071 330 .259 .071 .251 .180 .071
Gf .163 -- .163 163 - 163 .163 - 163 163 - - .163
RQ 163  .163 -- 163 .163 - 163 163 - .163 163 -
Gsm .145 -- .145 .145 - .145 .145 - .145 145 -- .145
MS 145 145 -- .145 .145 - .145 .145 - .145 145 -
Gs .107 - .107 107 - 107 107 - 107 A07 - - 107
RN 214 214 -- 214 214 - 214 214 - 214 214 -
\Y/4 194 194 -- 194 194 - 194 194 - 194 194 -
Standardized Effects
g 747 - 747 742 - 742 .880 -- .880 .823 - 823
Ge 369  .265 .105 411 295 116 454 356 .098 417 299 118
Gf 214 - 214 212 - 212 .218 -- 218 .251 -- 251
RQ 237 .237 -- .245 .245 - .255 .255 - .290 290 -
Gsm .136 - .136 .158 - .158 .150 -- .150 157 -- 157
MS 193 193 -- 204 .204 - .209 .209 - .215 215 -
Gs 101 - 101 .097 - .097 115 -- 115 110 - 110
RN 274 274 -- 222 222 - 222 222 - 272 272 -
vZ 155 155 -- .233 232 - .168 168 - .183 183 -
Variance 75% 80% 95% 93%

explained in WE

Note. g= General Cognitive Ability, Gc = Comprehensiontiviedge, Gf = Fluid Reasoning, RQ = Quantitativasing, Gsm = Short-term Memory, MS =
Memory Span, Gs = Processing Speed, RN = Rapid INNgaiZ = Visualization, WE = Written Expression. IBalirect effects are statistically significantté

p < .05 level.
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Table 19

Summary of cognitive—achievement relations

Cognitive Abilities

Academic

Skill Ge KO RN PS MS Gsm RQ VZ MA
BRS NRMW NR MW  NRMV NRMW NRMW NRMW
RC NRMW NRMW NRMW NR MW

MCS NRMW NRMW NRMW NRMW NRMW NR MW

AM NRMW NR M W NRM W

WE NRM W NRMW NRMW NRMW NRMW NRMW

WE (Alt.) NRM W NRMW NRMW NRMW NRMW

Note Gc = Comprehension/Knowledge, KO = Knowledge, RRapid Naming, PS = Perceptual Speed, MS = Mer8pan, Gsm = Short-term Memory, RQ =
Quantitative Reasoning, VZ = Visualization, MA =sgiative Memory, N = Norm group, R = SLD Readimgugp, M = SLD Math group, W = SLD Writing
group, BRS = Basic Reading Skills, RC = Reading @ahension, MCS = Math Calculation Skills, AM = Aiggl Math, WE = Written Expression,
N=Normative sample, R = SLD Reading, M = SLD Math= SLD Writing. Groups which are bold indicateatébns that were statistically significantly
different from zero between the cognitive abilitydsacademic skill in the final model. Groups ididsiindicate paths which were included in the nidule

were not statistically significant. Underlined gpsuindicate that the magnitude of the path wassttatlly significantly different from the other@ups in the
model. The arrow next to the group indicates whetiie magnitude of the path is higher or lower ttr@nother groups.
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Figure 5.Structural model for Math calculation Skills. Sesble 3 for definitions of latent variables. N = NgrR =
SLD Reading, M = SLD Math, W = SLD Writing. Strucail paths in bold indicate a statistically sigrdiit relation
between the cognitive ability and academic skitkodvs pointing up next to the group name indicastadistically
significant larger magnitude; arrows pointing dowdicate a statistically significant smaller maguaie.
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Figure 6 Structural model for Applied Math. See Table Bdefinitions of latent variables N = Norm, R = SLD
Reading, M = SLD Math, W = SLD Writing. Structugzths in bold indicate a statistically significaekation
between the cognitive ability and academic skitkodvs pointing up next to the group name indicastadistically
significant larger magnitude; arrows pointing dowdicate a statistically significant smaller maguaié.

197



Figure 7. Final model for Written Expression. See TableBdefinitions of latent variables. N = Norm, R E[3
Reading, M = SLD Math, W = SLD Writing. Structugzdths in bold indicate a statistically significaakation
between the cognitive ability and academic skitkodvs pointing up next to the group name indicastadistically
significant larger magnitude; arrows pointing dowdicate a statistically significant smaller maguaié.
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Figure 8 Alternative model for Written Expression. See [€abfor definitions of latent variables. N = NorR =
SLD Reading, M = SLD Math, W = SLD Writing. Strucali paths in bold indicate a statistically sigrdidnt relation
between the cognitive ability and academic skittodvs pointing up next to the group name indicastadistically
significant larger magnitude; arrows pointing dowdicate a statistically significant smaller maguaié.
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