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ABSTRACT
Title: An Investigation into the Relationship Between Cognitive Abilitgn8ardized
Achievement, and Grades in Middle School
Candidate’s Name: Leslie Blue
Degree: Doctor of Philosophy
Temple University, 2009
Doctoral Advisory Committee Chair: Dr. Catherine Fiorello
Today, many school districts are mandating tests to measure student pecéorma

and to hold individual schools and school systems accountable for that performance in
order to meet the standards set forth in the No Child Left Behind Act (2001) and the
Individuals with Disabilities Education Improvement Act (2004). The focus of tinigy/ st
was to examine the relationship among cognitive ability as measured Ggghéive
Abilities Test (CogAT) and measures of achievement, specificadliydatdized
achievement scores on the New Jersey Assessment of Skills and Knowleddgg(NJ A
and school grades. The current study investigated archival data of 452 seventh grade
students enrolled in a large, suburban public school district during the 2007-2008 school
year. Scores on the CogAT and NJ ASK were collected from grades 3, 5, and 7. Final
grades in the subject areas of Reading, Writing, Math, Social Studies anceSesgac
collected from report cards from the end of seventh grade of the 2007-2008 school year.
Pearson correlations found significant relationships between: (1) cogritiie @and
standardized achievement scores in grades 3, 5, and 7, (2) third grade cabilitive
and grade seven grades, and (3) third grade standardized achievement scoesteand gr
seven grades. Further, out of the five cluster scores on the grade 3 CogAT a8H,NJ A

the NJ ASK Language Arts score was the best predictor of grades in Readingitamgl W

and the NJ ASK Mathematics score was the best predictor of grades in MaticeScie



and Social Studies. Finally, third grade NJ ASK Language Arts, NJ ASKédvsttics
and CogAT Verbal scores were the best predictors of special educatsificgtien in
grade 7, accounting for a combined 22% of the variance. Limitations to the study and

implications for future research and practice are discussed.
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CHAPTER 1
INTRODUCTION
Context

This study investigated the relationship between cognitive ability and meadure
achievement, specifically, standardized achievement scores on the New Jerse
Assessment of Skills and Knowledge (NJ ASK) and school grades.

Measuring what and how well students learn is an important building block in the
process of strengthening and improving our nation’s schools. Tests, along witit stude
grades and teacher evaluations, can provide critical measures of staklidsts’
knowledge, and abilities. When tests are developed and used appropriately, they are
among the most sound and objective knowledge and performance measures available

(http://lwww.apa.orag/pubinfor/testing.htiml

The No Child Left Behind Act of 2001 (NCLB) is the latest federal legislation
that enacts theories of standards-based education reform, which is based onftthabelie
setting high expectations and establishing measurable goals can improwuigdivi
outcomes in education. It aims to improve the performance of United States pamdary
secondary schools by increasing the standards of accountability for sthted, s
districts, and schools. The Act requires states to develop assessmentngfaaddinath
to be given annually to all students in grades 3 — 8 and once in high school. The
assessments must: be based on state content and performance standardshigieasure
order thinking, provide useful diagnostic information, and be valid and reliable. NCLB

mandates states to have 100% of their students proficient by 2014, and it requites that t



same standard of performance be applied to all groups of students, including ethnicity,
income, disability and English language proficiency.

The effectiveness and desirability of NCLB’s measures are hotly delated.
primary criticism asserts that NCLB could reduce effective instmueind student
learning because it may cause states to lower achievement goals arderieichers to
teach to the test. A primary supportive claim asserts that systensétig terovides data
that shed light on which schools are not teaching basic skills effectivelytso tha
interventions can be made to improve outcomes for all students while reducing the
achievement gap for disadvantaged and disabled students

(http://lwww.pbs.org/wgbh/pages/frontline/shows/schools/nochild/bush.html

The NCLB Act, along with the Individuals with Disabilities Education
Improvement Act of 2004 (IDEA 2004), has important implications for children with
disabilities. IDEA 2004 is the newest reauthorization of the federal s@eltiahtion law
pertaining to the provision of special education services to students with dessiditit
IDEA 2004, the language about participating in state and district assessvaents
changed to:

All children with disabilities are included in all general State and digtide

assessment programs...with appropriate accommodations and alternate

assessments, where necessary and as indicated in their individualized education
programs. (Section 1412(c)(16)(A)).

Today, many school districts are mandating tests to measure student performanc
and to hold individual schools and school systems accountable for that performance in

order to meet the standards set forth in NCLB and IDEA. The National CenEe&xifor

and Open Testing estimates that America’s public schools administeriranr&d0



million standardized exams each year, including intelligence, achievesusggning and

readiness testifp://www.fairtest.org/testing-explosien).

Public officials and educational administrators are increasinglygdtir the use
of tests to make high-stakes decisions, such as whether a student will move on tb the nex
grade level or receive a diploma. Currently, 17 states require students tagxsds a
graduate and 7 more are planning such tests (http://www.fairtest.org/olasiger
consequences-highstakes-standardized-tes). Critics of high-stakesese that school
officials using such tests must ensure that students are tested on a curti@ythave
had a fair opportunity to learn, so that certain subgroups of students, such andacial a
ethnic minority students or students with a disability or limited English peofby, are
not systematically excluded or disadvantaged by the tests or the test takiligpos.
Further, high-stakes decisions should not be made on the basis of a single test acore, as
single test can only provide a snapshot of student achievement and may not accurately
reflect an entire year’s worth of student progress and achievement

(http://lwww.apa.org/pubinfor/testing.htjml

A potential problem with the current increased emphasis on testing is not
necessarily the test, per se, but the instances when tests have unintended aatlypotenti
negative consequences for individual students, groups of students, or the education
system more broadly. It remains critical to remember that, in manyaestawithout
tests, low-performing students and schools could remain invisible and therefoet not g
the extra resources or remedial help that they need.

The Standards for Educational and Psychological Testing, created by the
American Psychological Association, the American Educational Reseasdtiation,
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and the National Council on Measurement in Education (1999), present a number of
principles that are designed to promote fairness in testing and avoid unintended
consequences. Test developers must ensure that certain groups of students are not
disadvantaged by a test, and test users must guard against allowing thetestsg, or

the need for students to pass a certain test, to overwhelm the rest of a studsat\s aha

a wide curriculum. Furthermore, remedial programs should be in place for students who
score poorly on such tests.

In light of the calls to improve educational outcomes by measuring student and
school performance on standards-based tests, as well as the inclusion of afl ehildre
disabilities in all state and districtwide assessment programs, the ingeoda
promoting fairness in testing in order to avoid unintended consequences is paramount.
Any decision about a student’s continued education, such as retention, tracking, or
graduation, should not be based on the results of a single test, but should include other
relevant and valid information.

Purpose of Current Study

The focus of this study was to examine the relationship between cognitite abili
as measured by the Cognitive Abilities Test (CogAT) and measuresievacient,
specifically, standardized achievement scores on NJ ASK and school gradasiréhe c
study investigated archival data of 452 seventh grade students enrolled in a large,
suburban public school district during the 2007-2008 school year. Scores on the CogAT
and NJ ASK were collected from grades 3, 5, and 7. Final grades in the sudgsabfar
reading, writing, math, social studies and science were collecteddport cards from
the end of seventh grade of the 2007-2008 school year.

4



Research Questions and Hypotheses

This study addresses four research questions, as follows:

Question 1: What is the relationship between cognitive ability as measured by the
CogAT and academic achievement as measured by NJ ASK test scodes 3r5,
and 7?

Hypotheses 1A: It was hypothesized that differential validity would be observed
for the CogAT Verbal score, which would show the highest correlations with the
Language Arts Literacy cluster score on the NJ ASK achievemerait tegsch grade
level.

Hypotheses 1B: It was hypothesized that differential validity would be observed
for the CogAT Quantitative score, which would show the highest correlatiomsheit
Mathematics cluster score on the NJ ASK achievement test at each gedde le

Hypotheses 1C: It was hypothesized that the CogAT Nonverbal battery score
would show the lowest correlations with both the Language Arts Literacy and
Mathematics cluster scores on the NJ ASK achievement test at edeHayl.

Question 2: What is the relationship between cognitive ability as measured by the
CogAT in grade 3 and grade 7 grades?

Question 2A: What is the relationship between academic achievement as
measured by NJ ASK test scores in grade 3 and grade 7 grades?

Hypotheses 2A: It was hypothesized that differential validity would be observed
for the CogAT Verbal score, which would show the highest correlations with grades
the subjects of reading, writing and social studies. It was further hyetdbiat
differential validity would be observed for the NJ ASK Language Arraay cluster
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score, which would also show the highest correlations with grades in the sobjects
reading, writing and social studies.

Hypotheses 2B: It was hypothesized that differential validity would be observed
for the CogAT Quantitative score, which would show the highest correlatiomgraidies
in the subjects of mathematics and science. Further, it was hypothesizedd¢hea ik
validity would be observed for the NJ ASK Mathematics cluster score, which weald a
show the highest correlations with grades in the subjects of mathematicsesne s

Hypotheses 2C: It was hypothesized that the CogAT Nonverbal battery score
would show the lowest correlations with grades in all subjects (reading, wntatd,
science and social studies).

Question 3: Which of the five cluster scores on the grade 3 CogAT and NJ ASK
(CogAT Verbal, CogAT Quantitative, CogAT Nonverbal, NJ ASK Language and
NJ ASK Mathematics) best predicts achievement in each of the acadensict subgas
investigated?

Hypotheses 3A: It was hypothesized that the NJ ASK Language Arts Literacy
cluster score would be the best predictor of grades in the subjects of reading,amd
social studies.

Hypotheses 3B: It was hypothesized that the NJ ASK Mathematics cluster score
would be the best predictor of grades in the subjects of math and science.

Question 4. Can cognitive ability as measured by the CogAT and academic
achievement as measured by NJ ASK test scores in grade 3 predict speaiabeduc

classification in grade 77?



Hypotheses 4A: It was hypothesized that CogAT and NJ ASK scores would
explain a significant proportion of the variance in predicting special adocat
classification.

Significance of Study

Intelligence, as measured by an intelligence quotient and through CatteH-H
Carroll (CHC) Theory, via individually-administered cognitive tests, has lmeemdfto
correlate with a student’s performance on individually-administered staneldrdi
achievement tests (e.g., Benson, 2007; Evans, Floyd, McGrew, & Leforgee, 2062; Fel
& Pepper, 1995; Flanagan, 2000; Floyd, Evans, & McGrew, 2003; Floyd, Keith, Taub, &
McGrew, 2007; Hale, Fiorello, Kavanagh, Hoeppner, & Gaither, 2001; Keith, 1999;
McBride-Chang, 1995; McGrew & Flanagan, 1998; McGrew, Flanagan, Keith, &
Vanderwood, 1997; Proctor & Shaver, 2005; Vanderwood, McGrew, Flanagan, & Keith,
2002; Wagner & Torgesen, 1987; Williams, McCallum, & Reed, 1996). Since group-
administered cognitive and achievement tests, such as the CogAT and the NJEASK, ar
regularly used in schools to measure accountability and drive instruction aicdlauomy
this study investigated the relationship between cognitive ability asurezbby the
CogAT and academic achievement as measured by NJ ASK test scores.

While there is an increasing body of research linking cognitive abiliiids w
standardized achievement test results, there is little researctylodgnitive strengths
and weaknesses with grades in particular subject areas. For examplajgresearch
shows a relationship between crystallized abilitg)(@d reading achievement as
measured on standardized achievement tests (Felton & Pepper, 1995; McBride-Chang,
1995; Wagner & Torgesen, 1987). However, there is little research that indicates tha
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above average ability indxorrelates with higher grades in reading, language arts or
English classes. McLaughlin (2005) studied the relationships between speaiiitiveog
factors within the CHC Theory and grades as markers of achievement incspagiécts
in a sample of high school and college students. Results did not demonstrate stgnifica
correlations among CHC factors of cognitive abilities and high school gradediege
GPA. The second research question in the current study will investigate mthetieeare
relationships between cognitive ability as measured by the CogAT and gnasitnool.
Further research in this area could expand the interpretability of cogstitaregths and
weaknesses in relation to academic achievement in school. Also, interpogfmigve
strengths and weakness in relation to grades would provide relevant and valid
information to assist in making decisions about a student’s education by relying on
multiple sources of data.

The primary use of CogAT scores is to provide an alternative measure of
cognitive development and to identify students whose predicted levels of achievement
differ markedly from their observed levels of achievements (Lohman & Hagen, 2001).
Since school psychologists are faced with large numbers of children refarsgb€ial
education evaluations resulting in increasing caseloads, an attempt tfy iohettiods
that would appropriately reduce the number of children referred for specialtiedus
of great interest. Reducing the number of referrals through the Intervention fancRe
System (I&RS) and/or Pupil Assistance Committees (PAC) will allowti@ners to
provide more thorough and comprehensive assessments for those students who truly need
them. While scores on group-administered cognitive and achievement testsilaldev
to pre-referral committees, correlating this information to general@ewad education
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students’ classroom performance is difficult, without a context to interpret such
information. Therefore, the third and fourth research questions will be a preliminary
investigation into the relationship between cognitive ability as measured By ¢#eT,
academic achievement as measured by NJ ASK test scores and speatabeduc
classification. It is the investigator’s hope that, by attempting to undertisnd
relationship, group-administered cognitive and achievement scores can beoaithéed t
multiple data sources available to intervention committees when determining
appropriateness of referral for a more comprehensive evaluation in order to getermi
special education eligibility.

Definitions

Auditory Processing (Ga)Measures a person’s perception, analysis, and
synthesis of patterns among auditory stimuli as well as the discriminatiabttd s
differences between pattern of sounds (Flanagan & Ortiz, 2002), allowingdualisito
learn early reading skills through the process of phonetic decoding (Flanagdiz & O
2002; McGrew & Flanagan, 1998).

Cattell-Horn-Carroll (CHC) Theoryls a contemporary theory for
understanding/organizing intelligence and is composed of three levels arStratiam
lll, g or global IQ score; Stratum II, broad abilityf(&lr, Ga, Gv, Gsm Ga, and & —
defined in this section); and Stratum I, narrow ability areas, or speliliites subsumed
by broad abilities. For example, the broad ability, fluid reasoniffig ({&orporates the
narrow ability areas of deductive and inductive reasoning.

Cognitive Abilities Test (CogATA group-administered test designed to measure
general abstract reasoning abilities and a student’s capacity totlagpdyabilities to
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verbal, quantitative, and nonverbal cognitive tasks (Lohman & Hagan, 2001). In the
present study, the overall composite score will be examined, along with the verbal,
guantitative, and nonverbal reasoning scores.

Cognitive StrengthRefers to relative strengths within an individual's cognitive
profile (a score above the individual's overall mean cognitive ability) inioel&d the
other ability areas assessed and also refers to adequate or above aveitige abijty.
Adequate ability is described as a standardized score within the avemggg90-110;
mean = 100, standard deviation = 15) (Mather & Wendling, 2005; Naglieri, 2005).

Cognitive WeaknesRefers to relative weaknesses and weaknesses based on
standardized scores. A relative weakness refers to an ability ates lthwer (a score
below the individual’s overall mean cognitive ability) in relation to the otheityabileas
assessed. Cognitive weakness also refers to standardized scores dsatthsnl| 85
range (mean = 100, standard deviation = 15) (Mather & Wendling, 2005; Naglieri, 2005).

Cross Battery Assessmefihe method for bridging theory with practice in order
to identify cognitive ability strengths and weaknesses across the bra@dl as narrow
ability areas. Identifying cognitive strengths and weaknessesnisitiegl to drive
intervention selection and to provide a starting point for establishing links retwee
specific cognitive abilities and interventions (Hale & Fiorello, 2004; Mathéaffe,

2002; Mather & Kaufman, 2006; Mather & Wendling, 2005; McGrew & Flanagan,
1998).

Crystallized Intelligence/Knowledge (Gdlrystallized ability refers to
information learned through previous experience. Crystallized ability eanohiacquired
knowledge, includes one’s cultural knowledge obtained through exposure and one’s
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ability to communicate this knowledge. Crystallized ability also includesapactty to
reason with previously learned procedures. This reasoning depends on previously learned
information either encountered through formal schooling or in interactions with the
environment (Flanagan & Ortiz, 2002; McGrew & Flanagan, 1998).

Fluid Intelligence (Gf)ls the ability to solve problems using unfamiliar
information or novel procedures without any explicit instruction. This abilitgdep
very little on cultural knowledge or previous schooling. Fluid reasoning encompasses the
ability to use reasoning and problem-solving skills when encountering new infonmati
(Flanagan & Ortiz, 2002; McGrew & Flanagan, 1998).

g. Spearman (1904, 1927) defingds a person’s intelligence. It is the
psychometric component that accounts for most of the variance in performance across a
wide variety of cognitive tasks.

Intervention and Referral System (I&RThe I&RS team is one of many
resources used by schools in the state of New Jersey to intervene with studemsrobl
prior to Child Study Team involvement. The I&RS team process is an ongoing,
collaborative school effort between district personnel and parents to inteviienea
student has been identified as making minimal academic and or emotional progress in the
regular education setting. The team develops and monitors interventionstohassi
student and continues to identify and evaluate problems, solutions, and progress within
the student’s academic setting.

IQ score.A single, full scale measure of intelligence.
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Long-Term Storage and Retrieval (GIKJeasures a person’s ability to hold
information for a long period of time as well as the person’s ability to smoothly,
efficiently, and quickly retrieve that information (McGrew & Flanagan, 1998).

New Jersey Assessment of Skills and Knowledge (NJ ASkK)ndardized
achievement test designed to give an early indication of the progress studkeais m
mastering the knowledge and skills described in the New Jersey Core Curriculum
Content Standards (CCCS) (New Jersey Department of Education, 2004; New Jersey
Department of Education, 2006). The current study will examine the two clostes sn
the content areas of Language Arts Literacy and Mathematics.

Processing Speed (Gsls the ability to quickly and automatically perform
cognitive tasks while maintaining focused attention (Flanagan & Ortiz, 2002;eMc&r
Flanagan, 1998).

Short-Term Memory (Gsms the ability to hold information in immediate
awareness and then use it within a few seconds (Flanagan & Ortiz, 2002; McGrew &
Flanagan, 1998).

Theory of Fluid and Crystallized Intelligence (Gf — G¢c ThedBf)Gce theory was
first postulated by Cattell (1941, 1957) to consist of two major types of cognitiveeabil
— fluid reasoning (6 and crystallized ability (§ (both defined above). Horn (1968)
expanded the 35¢c model to include nine additional cognitive abilities in the domains of
visual processing (@, short-term memory (81, long-term storage and retrievall{};
speed of processing g5 auditory processing ability @, quantitative ability or

knowledge (@) and facility with reading and writing {@). Historically, this body of
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research has been delineatdel3s theory. The present study examines only two of the
nine broad abilities — fGand &.

Visual Processing (Gv)s the ability to analyze and synthesize visual
information. This includes the perception and manipulation of visual shapes and patterns,
such as creating three-dimensional designs from pictures or visualizing pduécalar
pattern would look like if manipulated in some way (Flanagan & Ortiz, 2002; McGrew &
Flanagan, 1998).

WJ-R.The Woodcock-Johnson Psychoeducational Battery — Revised, is an
empirically supported measure of several constructs within the Cattel:Eoroll
(CHC) theory of cognitive abilities.

WJ-I1l. The Woodcock-Johnson Tests of Cognitive Abilities, Third Edition is a
standardized intelligence battery for individuals aged 2 through 90 years old. WJ-II

subtests were created in alignment with the CHC Theory of Cognitive Adilitie
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CHAPTER 2
REVIEW OF THE LITERATURE

Intelligence as a psychological construct has been examined oriicade the
early days of testing. It has been defined in many ways, resulting in véoraus of
measurement. The historically dominant theories of intelligence with\bhewed,
including a discussion of intelligence testing and its measurement utitidgeic
achievement will then be defined and a taxonomy for understanding specifiav@gnit
abilities and academic achievement will be addressed. This section will eeddying
the research literature regarding the relationship between cognitiveeatahd
achievement. The current study made use of one of the more recent definitions of the
construct of intelligence, the CHC Theory of Cognitive Abilities, by invaesitig the
measurement of two of these abilities, fluid reason@®) énd crystallized ability (§,
and their relationship to achievement as defined by the American school system
(specifically, NJ ASK scores and school grades).
Definitions of Intelligence

Considerable variability exists on all human traits. Accordingly, “indivslual
differ from one another in their ability to understand complex ideas, to adapt effective
to the environment, to learn from experience, to engage in various forms of reasoning, to
overcome obstacles by taking thought” (Neisser et al., 1996, p. 77). The construct of
intelligence has been offered to explain and clarify the complex set of phentiraena
account for individual differences in cognitive functioning.

Attempts to define the construct of intelligence and to explain individual
differences in intellectual functioning have spanned decades (Carroll, 1998f{9Sast
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& Undheim, 1996; Kamphaus, 1993; Thorndike, 1997; Thorndike & Lohman, 1990;
Sattler, 1988) and have been characterized by much variability. Prominent itiatefini
are attributes such as adaptation to the environment, basic mental processeseand hig
order thinking (e.g., reasoning, problem solving, and decision making) (Sattler, 2001). |
has been described as an innate global capacity (Jensen, 1980; Spearman, 1927), the
ability to carry on “abstract thinking” (Terman, 1921), a collection of faguljielgment,
practical sense, initiative and the abilities to adapt to circumstanicest 8Simon,
1916), “the aggregate or global capacity of the individual to act purposefully, to think
rationally and to deal effectively with his environment” (Wechsler, 1958, p. 7), a
compilation of individual, yet interrelated cognitive abilities (Carroll, 199&ttell, 1967,
1971; Horn, 1985), a developmental process through which people learn to make sense of
the world (Piaget, 1952), and a complex set of skills and abilities or multiplegeteiés
(Gardner, 1983; Sternberg, 1985). While there are many ways to define intellideence
confusion concerning different definitions is linked to the fact that intelligenae i
attribute, not an entity, and that it reflects the summation of the learninges»qesy of
the individual (Wesman, 1968).
Historical Background

In the late 19 century, two issues were critical for the introduction of measures
of intelligence — universal compulsory education and the growing sentiment that
psychological mental processes could be objectively measured (Thorndike, 1997).
Together, these two forces served as the impetus for the development and extEnsive
of psychometric assessment tools for the measurement of intellectual furgiioni
school-aged children.
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Two pivotal forces associated with the lat& t@ntury compulsory education
movement included: (1) the changing of societal attitudes toward youth ands&yena
immigration. One of the preeminent forces associated with the formehg/aapport of
the Jeffersonian ideal of the ‘educated electorate’ (Thorndike, 1997). Jefferawedeli
that only an educated electorate could make sound self-governing decisions asdshe w
proponent of universal education. Another tenet of this shifting society status of youth
was a growing sentiment that children represented a vulnerable group ig,sebtte
safety should be protected by public policies, resulting in child labor laws. Such
restrictions on children working in industrialized centers resulted in exteinsevzéme,
creating a need to maintain social order in children. One solution was compulsory
education.

Compulsory education was also seen as a way to make Americans out of the large
number of immigrants coming into the country each year. Massive immigrasiaitece
in an unprecedented number of diverse students enrolled in American schools. However,
the existing curricula and academic standards were not designed theneegedls of
such diversity, which resulted in a high failure rate. This created a depmestrve
resources and develop special schools, particularly for students perceiveddagdadie
of learning. Intelligence testing, as a means of ascertaining fatacemic performance,
grew out of this need.

The widely perceived needs of the schools to deal with the problems created by
universal compulsory education combined with an intellectual climate of naivasptim
about the measurability of mental processes produced an atmosphere in whiclesneasur
of intellectual ability were almost certain to be developed (Thorndike, 1997). Glegour
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once such measures were available, it did not take long for them to be widely adopted.
The work of psychologists in the second half of th® déntury, including Gustav
Fechner, Wilhelm Wundt, and Hermann Ebbinghaus made it possible to quantify various
psychological characteristics. In keeping with this trend, the |&ten® early 20
century saw theorists moving into the domains of test construction and corroboration,
including human ability and its measurement.
Intelligence Theories and Testing

Intelligence is grounded in the work of Francis Galton in the Idfec2ftury.
Galton is considered to be the father of the study of individual differences anthtre fa
of the testing movement (Sattler, 2001). He was convinced that the differences in
intelligence among individuals were largely hereditary and that a numberedithey
physical traits or abilities were adequate measures of intelegdimeis, Galton suggested
reaction time as a feasible approach and pursued various sensori-motor me@isurem
He examined differences in individual characteristics and the relationship ef thos
differences to other traits and abilities. Galton’s criterion of mentatyaivhs based on
the social and professional life of illustrious men, including judges, famousrgnilita
commanders, scientists, poets, painters and musicians. The tests he developky genera
proved to be invalid and therefore limited his work on the measurement of intelligence
(Sattler, 2001). Despite this fact, Galton’s contributions were valuable to ltheffie
psychology, as he moved the assessment of mental ability out of the field oftabstra
philosophy and demonstrated that mental ability could be studied experimentally and
practically. Within Galton’s hereditarian mindset led the inevitable valdenla
categorization or ranking of populations based on measurable traits and abilities.
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James Keen Cattell, who, in 1890, coined the term “mental test,” (Thorndike,
1997), brought Galton’s ideas to the United States and proposed a widespread program of
mental testing to provide a standard metric for the assessment of humaatuzklle
ability. He described over 50 different measures that primarily asksesssory and
motor abilities, which differed little from those designed by Galton. Cag¢lbut to
prove that tests measured intelligence by showing a relationship betwdesttresults
and students’ grades. It was Galton’s concept of correlation that irteali@attell’s own
method of intelligence testing. However, Galton, and subsequently, Cattell’s view of
mental testing came to dominate American psychology, and intelligeniog testame
the means by which their hereditarian views influenced the schooling offered totsfude
the assignments given to men in the military services, and the immigratiorepaol the
nation (Hunt, 1993).

In France at the end of the™@entury, Alfred Binet, Victor Henri and Theodore
Simon developed methods for the study of mental functions. Conceiving of intelligence
not as Galton had, in terms of sensory and motor abilities, but as a combination of
cognitive abilities, they believed that intelligence was best understadakection of
various higher-order mental abilities that might be only loosely relatecetarmother
(Binet & Henri, 1916). Binet also differed from Galton on the hereditary question,
arguing that intelligence was nurtured through interaction with the envematnemd that
an important function of schooling was to increase intelligence. As such, the main
purpose of Binet and Simon'’s test — developed at the request of the French Ministry of
Education in response to mandatory universal education of children — was to identify
children who were not profiting as much as they should from their schooling so that they
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might be given special attention. Unlike previous attempts at developing ieekig
tests, Binet's 1905 scale reflected an acknowledgment of age-basedveogniti
development and became the prototype for subsequent scales for the assessment of
mental ability. Defining intelligence in terms of age, and assembling & segwitive

tasks that measured the mental age of a child, Binet replaced Galton’s an#trapom
testing and became the foundation of the intelligence-testing movement {998j.

After the introduction of the Binet-Simon Scales, the testing movement flodrishe
in the United States. Henry Goddard traveled to France, learned about the 1908 Binet-
Simon scale, and immediately translated it into English. He was the first tbauBinet-
Simon scale for mass testing in order to locate below-normal children and smint the
into special classes. Goddard’s view of intelligence was different fratrof Binet, who
conceptualized it as a shifting complex of interrelated functions. Instead, @oddar
believed that intelligence consisted of a single underlying function. “Futtbdelieved
that this unitary function was largely determined by heredity, a view m@iLndriance
with Binet’s optimistic proposals for mental ability” (Tuddenham, 1962, p. 462).
Goddard took a position far more severe than Galton and made a consequential social
application of the Binet-Simon scale to advocating eugenic sterilizations podat®ns
of immigrants in the early 1900s.

Despite the acceptance of Goddard’s translation of the Binet-Simon lseais
M. Terman saw certain flaws in it and felt that he could correct them and madeatae
more accurate by adapting some items, adding other items, establishiaganearms,
and extending the upper age limit. He disseminated Galton's theories of natityabbi
defining mental ability and genius in terms of scores on the Stanford-Binégariek
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test. Terman adopted Louis William Stern’s concept of mental quotient, which is found
by dividing mental age by chronological age. Terman and his associates dehame

ratio the intelligence quotient (IQ) when they produced the 1916 Stanford-Birniet Tes
The 1Q was a score meant to quantify intellectual functioning to allow cosopaaimong
individuals. The 1916 Stanford-Binet test became the standard test of measuring
intelligence and remained so for over two decades. Although the IQ has become an
extremely useful means for classifying persons, Wolf (1969) noted that it isomaddée
whether Binet “would have accepted even Terman'’s elaborate standardizatioalal
basis for calculating 1Q’s” (p. 236).

At the same time that Terman was completing the Stanford revision, Robert
Yerkes was working on the forerunner of the major competitor of the Stanford-Binet
Yerkes proposed to abandon the age placement of items entirely and use whatllze calle
point scale. In the Yerkes Point Scale (Yerkes, Bridges & Hardwick, 1916} vere
grouped by type and ordered by difficulty. The examinee was given a scorehdgypeac
of item based on the number of correct answers given, with bonus points for
exceptionally quick or insightful answers. The score could then be converted into an
overall mental level. This is the same format that David Wechsler adopté for t
Wechsler-Bellevue (Wechsler, 1939) and its successors.

Like Yerkes, David Wechsler was interested in developing a point scale.
Wechsler’s original purpose was to design an intelligence test for adulisgrieéavily
on the work of others as he borrowed many of his items, subtests, point scales and
scoring systems. Wechsler felt that the Binet scales were too vedaadd for use with
adults, so he designed an instrument with subtests to measure both verbal and nonverbal
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abilities. Wechsler’s search for subtests was guided by a focus on therglobal of
intelligence, since he considered intelligence to be a part of the largetucbosét
personality. The Wechsler scales were designed to consider factorbudomgrio the
effective intelligence of the individual. He made no attempt to design a sésebtests
to measure “primary abilities” or to order the subtests into a hierarchiatee
importance. As such, the overall IQ obtained from the Wechsler scalearjecan
index of general mental ability. He adopted a mean score of 100 since the Stané&ird-B
metric had become universally accepted. He later modified his own adutt pestitice
a version for children by designing original material for the subtests, glthoisome
cases items differed only slightly from those appearing in the other iatetkgests.

Several reasons explain the popularity of the Wechsler scale: first, estslof
intelligence were in short supply; second, Wechsler provided a single assesattery
that integrated Verbal and Performance tests; third, he provided a strongivermat
sample; and fourth, Wechsler emphasized psychometric rigor and introduced the
deviation IQ composite score (Wasserman & Tulsky, 2005). The 1Q compasike sc
(same age group comparison) as a field standard has continued to dominate mmainstrea
assessment. However, the contributions of contemporary researchers (Hatel&,
2004; Mather & Wendling, 2005; McGrew and Flanagan, 1998), who emphasize
processing abilities, calls into question the utility of distilling an individuainge of
cognitive strengths and weakness into a global score (1Q).
Factor Analytic Theories of Intelligence

With the introduction of the Binet-Simon Scale, intelligence testing became a
popular assessment technique through the United States. The widespread use of
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intelligence testing was given further impetus by statistical evid@ateite tests
measured not just a series of separate mental aptitudes but also an innate cotal of me
ability or “general intelligence.” Until this period in history, the approadbe

intelligence had been very pragmatic — tests were developed for panieatis.

However, another approach to understanding intelligence involved analyzinbatata t
were already collected, termed factor analysis. Although factor &matgy disagree
about how intelligence is organized — whether intelligence is a generalydaonation or

a composite of several independent abilities — many accept the theory of general
intelligence, while still maintaining that intelligent behavior is multieimsional.

Charles Spearman was one of the early proponents of a factor analytic hpproac
to intelligence (Sattler, 2001). He argued that, as a rule, people who do well dit speci
intelligence tests also do well on a variety of intellectual tasks. Withdasoning,
Spearman showed that many mental abilities are correlated. He proposetheatbr
theory of intellect that held that performance on any intelligence meaasreomposed
of two parts: one part due to the individual's level on the trait of general intedéigen
which he called), and the other on an ability specific to the particular test, which he
calleds. The correlation between any two tests was attributed to the presenicebaith
(Thorndike, 1997).

Spearman became increasingly interested in the specific factors artogih
Karl Holziner developed a ‘bi-factor’ model. Carroll (1993) predicted that Smear
would have converged on a multiple abilities model similar to others had he lived beyond

1945.
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Using the new method of multiple factor analysis, Thurstone (1938) proposed that
there were a small number of “primary mental abilities.” While hepedeSpearman’s
hypothesis of a general factor, he disputed its importance. He argued thigemmtellis
better described and measured by considering distinct primary mentagsifither
than a single factor g, which does not provide specific information about specific
intelligence. Thurstone’s tests have largely dropped out of use because the httymy tha
would be able to more accurately predict performance than general imedigas not
fulfilled. However, the similarities between his primary mental alsliated CHC
theory’s broad cognitive abilities are notable.

The most prominent multifactor theorist in the United States is J. P. Guilford
(Sattler, 2001). He parted company from the majority of factorial thebystsfusing to
acknowledge the existence of any general factor at all. Instead, he develofreddhe
dimensional structure of intellect model, stating that intelligence cea®fi80
elementary abilities, made up of a combination of three dimensions. Guilford proposed
that each combination of a specific operation, a specific type of content, arcifia spe
type of product defines a unique type of intelligence.

In Philip Vernon’s hierarchical theory of intelligence, he suggested that
intelligence can be described as composed of abilities at varying lesaarlity. At
the highest level ig, or general ability, as defined by Spearman. At the next level are
major group factors. At the lowest level at the bottom of the hierarchy areispaciors
again of the kind identified by Spearman. Factors low in the hierarchy referdoavnar
ranges of behavior, whiles those high in the hierarchy refer to a wide \@friety
behaviors. Vernon believed that we must consider a general group factor ineamyt att
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to understand or measure intelligence. This belief has substantial supp@t acros
numerous studies, as indicated by positive intercorrelations among cogrstsve te
administered to representative populations (Sattler, 2001).

Howard Gardner has argued against the concept of a general intelligencgsthat ¢
across all mental tasks and supports the Thurstonian notion of separate intslitpaihc
may vary independently of one another. He posits several relatively autonomous
intellectual competences, or multiple intelligences. He has identifiatl @mpetencies
and two tentative competencies, but allow that more may be discovered. The
competencies include linguistic, musical, logical-mathematical adpbhtidily-
kinesthetic, intrapersonal, interpersonal, naturalist, spiritual, and eiattatelligence
(Sattler, 2001). The competencies can be viewed as building blocks out of which thought
and action develop. The components constitute the basis of human symbol-using
capacities, and they interact to produce a diverse mixture of human talents tteat w
employ to achieve societal ends. Some psychologists contend that Gardner dtaedstret
the meaning of intelligence too far and that latter set of abilities shouldleé dénts
rather than intelligences (Gray, 1994). A more damaging criticism of G&dneory is
that relatively little statistical or other objective evidence exissthe intelligences he
proposes are each functionally unitary and independent of each other (Brody, 1992). Still
Gardner’s work represents an interesting, pioneering attempt to make somefdties
remarkably diverse and unsystematic case-history literature.

Robert J. Sternberg’s triarchic theory of intelligence divides humangetetie
into three dimensions: componential, experiential and contextual. The componential
dimension relates intelligence to the internal mental mechanisms of theluadjand
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Sternberg refers to these mental mechanisms as “information-processipgnents.”
The experiential dimension of Sternberg’s theory relates intelligereth the external
and internal worlds of the individual, and it specifies the point at which intelligence
most critically involved in an individual’s ability to cope with tasks. He argues that
intelligence deals with novelty and with the automatization of mental pesethe
contextual dimension relates intelligence to the external work of the indivitlual.
emphasizes adaptation to, selection of, and shaping of the environment. Sternberg has
compared his information-processing theory of intelligence with the biecaf theories
of intelligence and believes that a general intelligegcaccounts for the correlations
among scores on different tests. He explains g primarily — though not entiretgrms
of metacomponents.

Sternberg offered another theory of intelligence, referred to as successful
intelligence, that focuses on “the ability to adapt to, shape, and select envitstoe
accomplish one’s goals and those of one’s society and culture” (Sternbengfi&dta
1998, p. 494). His successful intelligence theory complements his triarchic theory a
suggests that individuals with successful intelligence are able to discerstitbegths
and weaknesses and then determine ways to use their strengths and mieimize t
weaknesses. The three broad areas associated with successful intelligemadysical,
creative, and practical (Sattler, 2001). Underlying the theory is the prémisschools
do not use children’s multiple abilities. The theory emphasizes the importance of other
aspects of intelligence and their usefulness in our society. However, spestsaare not

typically measured well by standardized intelligence tests.
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Jean Piaget perceived intelligence as a form of biological adaptation'so one
environment. According to Piaget, two inherent tendencies govern interacttbrtbevi
environment: organization and adaptation. Adaptation contains two complementary
processes: assimilation and accommodation. Piaget’s model of intelligence is
hierarchical one, in which cognitive development is divided into four major periods, each
characterized by stages and substages. While there is presently no conyeddadtesy
of Piagetian test of intelligence, studies have found positive correlatiomsdret
Piagetian measures and psychometric scales of intelligence in int&stheol, and
school-age populations (Sattler, 2001).

The factor analytic theories of intelligengeesented above represent a significant
departure from traditional views and conceptualizations of the structure tifereék.
Although the theories have undergone varying degrees of empirical validation, they
present viable foundations from which to construct new measures of intelligence —
measures that may lead to greater insights into the nature, structure, and regicaibiol
structures of cognitive functioning and that may be more appropriate fosiagste
cognitive abilities of individuals from culturally, linguistically, and ethHicdiverse
backgrounds.

Cattell and Horn’s Fluid and Crystallized Theory of Intelligence

Over the middle decades of thé"ntury, intelligence tests themselves changed
relatively little. This period could be characterized as a period of consolidatiba of
methods that had been developed in the first 25 years (Thorndike, 1997). The tests
produced by the factor analysts explored some new content areas, but mostly without
fruitful results. The Wechsler scales and the revisions of the Stanford-Baoket iw new
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ground. A single bright spot in the area of theory is found in the world of Raymond B.
Cattell (1963) and his student, John Horn (Horn & Cattell, 1967; Horn, 1985) with the
theory of fluid and crystallized intelligenc&f{— Gc theory of intelligence).

Gf - Gc theory was first postulated by Cattell (1941, 1957) to consist of two major
types of cognitive abilities. Cattell considered fluid intelligencf {&include inductive
and deductive reasoning, abilities that were thought to be influenced primarily b
biological and neurological factors, as well as by incidental learningghrinteraction
with the environment (Taylor, 1994). In contrast, crystallized intelligenceW@s
postulated to consist primarily of abilities, especially knowledge, thaictetl individual
differences due to the influences of acculturation (Gustafsson, 1994; Taylor, 1994). Thus,
the original G - Gc theory was a dichotomous conceptualization of human cognitive
ability. The @ - Gc theory label has been retained as the acronym for this theory despite
the fact that the theory has not been conceived of as a dichotomy since the 1960s
(Gustafsson & Undheim, 1996; Horn & Noll, 1997; Woodcock, 1990). As a redult, G
Gc theory is often misunderstood as being a two-factor model of the structure of
intelligence.

As early as the mid-1960s, Horn (1968) expanded the38 model to include
four additional cognitive abilities in the domains of visual perception or proce&si),
short-term memory (&7, long-term storage and retrievall{{; and speed of processing
(Gs). Horn (1968) next refined the definitions o¥,&s, and Gr, and added an auditory
processing ability (&). More recently, factors representing a person’s quantitative ability

or knowledge (@) and facility with reading and writing (@) (Horn, 1985, 1988a,
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1991; Woodcock, 1994) were added to the model, resulting in a 9-factor ability structure.
Historically, this body of research has been delineatedGs theory.

Following an extensive review of reanalysis of most of the theoretical and
empirical research on human cognitive abilities and their measurementisiate
1900s, Carroll (1993, 1997) proposed a “Three-Stratum Theory of Cognitive Abilities”
that, according to a number of scholars, is a benchmark and the most ambitioustattemp
provide a psychometric taxonomy of intelligence abilities to date (Gasta
Undheim, 1996).

Carroll’s secondary factor analyses provided evidence for a hierarstrigzture
of human intelligence, which included a general intelligence fagjpbfoad abilities,
and narrower abilities subsumed under these broad abilities. His model organizes
cognitive ability at three strata that differ as a function of breadthr@rgkzability of
abilities. Within this conceptualization, the 69 specific narrow abilitieswme the base
of the model, known as stratum I. Narrow abilities “represent greataakpaions of
abilities, often in quite specific ways that reflect the effects of aapee and learning, or
the adoption of particular strategies of performance” (Carroll, 1993, p. 634). The broad
abilities are located in the middle layer, known as stratum Il. AccordingrnoiC
(1993), broad abilities represent “basic constitutional and long standing ehstars of
individuals that can govern or influence a great variety of behaviors in a givemioma
and they vary in their emphasis on process, content, and manner of response (p. 634). The
general intelligence factor grrepresents the pinnacle of the model, known as stratum
lll. Each of the broad and narrow abilities within the structure loads on thesajen
intelligence factor og.
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Psychometric intelligence theories have converged recently on the more
“‘complete” & - Gc multiple intelligences taxonomy, reflecting a review of the extant
factor-analytic research conducted over the past 60 years (McGrewm&ggla 1998).

The Cattell-Horn-Carroll (CHC) theory constitutes an integration of timegpendent
empirical sources (i.e., Cattell-Horrf GGc theory and the Carroll three stratum theory).
Within the CHC conceptual framework, overall cognitive functioning is differeatia
hierarchically among the distinct broad abilities and narrow abilitiesotidaged from
Cattell/Horn and Carroll's work, respectively. At the broadest level (Btrdi) is a
general intelligence factor conceptually similar to Spearnmnidext in breadth are nine
broad abilities (Stratum Il), including processing spees),(§€hort-term acquisition and
retrieval (Gm), fluid intelligence (@), long-term storage and retrievall{§; broad
auditory perception (&, broad visual perception (% crystallized intelligence [acquired
knowledge] (&), quantitative knowledge @, and reading/writing ability (6v).
Subsumed under these broad Stratum Il abilities are 69 first order narrovesbiliti
(Stratum | abilities). For example, phonetic coding (PC), a narrowyabflitroad

auditory perception (Ga), is the capacity to process speech sounds or phonemes, as in
identifying, isolating, and blending sounds.

In the theory, a continuum is posited where certain broad abilities are dedignate
as less susceptible to formal learning/environmental exposure and other bribad abil
are designated as more permeable to environmental exposure. McGrew agdrFlana
have described this continuum in the following way, “each of the broad cognitivteeabili
can be thought of as lying on a continuum, with abilities that depend little on direct
instruction and formal learning (e.g.f)@t one end and abilities that depend extensively
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on breadth and depth of knowledge or culture, including the ability to communicate
(especially verbally) and reason through the application of previously tepraeedures
(e.g., @), at the other. The remaining CHC broad abilities lie somewhere along this
continuum, with their location depending on the degree to which they differ as a function
of relative emphasis on process, content, and manner of response” (p. 85).

At the more inherent end of the continuum are low-level processing abilities and
high-level processing abilities. Low-level processing abilities titoms the capacities
necessary for automatic and efficient processing of straightforwemehiation. The
broad abilities included at this level are short-term memosyry@nd processing speed
(Gs). High-level processing abilities, often referred to as “thinking alslitieonstitute
those abilities employed during novel learning and problem solving tasks. Ducimg s
tasks a variety of cognitive processes can be elicited including reas@hingt¢rage of
new information and retrieval of previously learned informatioin)(@erception and
processing of auditory stimuli @, and perception and processing of visual stimuh) (G
At the opposite end of the continuum (less inherent end) are acquired knowledge abilities
or those abilities largely dependent upon formal instruction, prior experience, and
exposure. Abilities in this area include crystallized abilitg)(@Guantitative reasoning
(GQg), and reading/writing ability (Gv).

Grounded in more than half a century of confirmatory and exploratory factor-
analytic research, the amalgamated CHC theory of cognitive abilitesissdered to be
one of the most comprehensive and empirically validated theories of cognitive
functioning to date (Evans, Floyd, McGrew, & Leforgee, 2002; McGrew & Flanagan,
1998).
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Lineal descendants of the early intelligence tests, now greatly modified and more
culturally fair than the early tests, are widely used in schools, instigjtthe military,
and industry. Despite variations in the definitions of intelligence and differancesg
theorists about how intelligence is organized, the advancement and perseverance of
mental measurement over the past century has proven that it is useful, is &leoefici
society, and remains one of psychology’s major contributions to modern life incamer
The Predictive Value of Intelligence Testing

IQ prediction of achievemerit.is commonly believed that one’s level of overall
cognitive ability (e.g.., global 1QQ) represents his or her potential for academic
achievements (or academic success) (Flanagan, Ortiz, Alfonso, & Mascolo, 2002).
Jensen (1985), Herrnstein and Murray (1994), and Gottfredson (2002a, 2002b) asserted
that cognitive ability, as measured by a full scale I1Q score, is thefoasi person’s
educational level, job attainment and performance, and socioeconomic status. Herrnstei
and Murray claim that after holding environmental effects constant, a peitsolow Q
is most likely to drop out of high school, not gain a higher education, have children at a
younger age, have marriages that fail, accept welfare, be unemployedeareldw the
poverty level. Flanagan, Andrews, and Genshaft (1997) added that 1Q tests have
predictive ability in that they can estimate a person’s current and fuaderac
performance and that they have treatment validity in that they can be useal ¢celagd
an appropriate educational program for the child.

Assessment of academic abilities or achievement in areas such ag szatlin
math is typically accomplished through the use of standardized, norm-retetestseof
achievement. Yet, depending on the specific instruments chosen for assesstaant, ce
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academic abilities appear to be measured by intelligence testsaw/leer&in cognitive
abilities appear to be measured by achievement tests.

According to Horn (1988b), “Cognitive abilities are measures of achievements
and measures of achievements are just as surely measure of cognitils’afpli 655).
Carroll (1993) echoed this conceptualization when he stated, “It is hard to draw the line
between cognitive abilities and cognitive achievements. Some will arguaitha
cognitive abilities are in reality learned achievements of one kind or anoticéra8
argument is difficult to counter, because it is obvious that the performances required on
even the most general tests of intelligence depend on at least some learning” (p. 510).

Rather than conceiving of cognitive abilities and academic achieveagents
independent, they may be better thought of as lying on an ability continuum that has the
most general types of abilities at one end and the most specialized types oflgeoatle
the other, the latter of which develops more through an individual’s instructional and
education experiences (Carroll, 1993). Through an examination of the two broad
cognitive abilities (Eand &), Gf represents processing or thinking abilities that develop
largely independent of formal education and school related experiences, wiereas,
abilities reflect more specialized types of knowledge that developsy@aga function
of formal education and direct learning and instruction. Therefore, rather tingn be
mutually exclusive, academic and cognitive abilities may be best codasvef as lying
of the continuum as discussed by Carroll.
The Relationship between Cognitive Abilities and Achievement

Commonly used individually administered intelligent test batteries provide
reliable and valid estimates (e.g., Full Scale 1Q) of an underlyinga@eat®lity construct
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(psychometriq@) that is typically interpreted as an individual’s global level of cigmni
functioning. Considerable empirical evidence indicates that this general ebikimong
the most dominant and enduring factors, both causal and corollary, associated with
scholastic occupational success; environment adaptation; physical propedsity
morbidity; and scientific, cultural, and political acumen” (McDermott, Fadu&
Glutting, 1990, p. 291).

A review of the cognitive abilities research literature revealsaft@mpts to
move “beyondy” (i.e., the addition of specific abilities to g in the prediction and
explanation of educational and occupational outcomes) have been met with mixed result
In his presidential address to the American Psychological Association)(MeNemar
(1964, p. 875) concluded, “The worth of the multitest batteries as differential predict
of achievement in school has not been demonstrated.” Cronbach and Snow (1977)
reached a similar conclusion in their review of the aptitude-treatmenaation (ATI)
research, which demonstrated that interventions interact primarily witdradevels of
intelligence, and that few, if any, meaningful specific ability-treattnteractions exist.
Jensen (1984, p. 101) also reinforces this conclusion when he stateglabedtints for
all of the significantly predicted variance; other testable abilitypfacindependent @j,
add practically nothing to the predictive validity.” In the area of intelléessessment,
the failure to establish the importance of specific abilities has edsulthe argument
against the practice of interpreting subtest scores in individual batte&se(Mott,
Fantuzzo, & Glutting, 1990; McDermott & Glutting, 1997; Glutting, Watkins, Konold, &
McDermott, 2006). The inability to move beyogdhas provided little optimism for the
development of interventions designed according to an individual's profile of specifi
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ability strengths and weaknesses (Vanderwood, McGrew, Flanagan, & Keith, 2002)
However, attempts to move beyond g have recently begun to bear fruit (McGrew,
Flanagan, Keith, & Vanderwood, 1997).

Despite the failure to demonstrate the importance of specific cognitivieesbil
Carroll (1993, p. 676) concluded, “There is no reason to cease efforts to search for specia
abilities that may be relevant for predicting learning.” McGrew, Flanageith iind
Vanderwood (1997), Flanagan (2000), and Keith (1999) provided support for this
position when they suggested that recent advances in theories of intelligeniegl, appl
theory-driven measurement of intelligence, and research methodology (eajurat
equation modeling or SEM) argue for continued efforts to investigate the effects
general and specific abilities on general and specific achievements.

A variety of intelligence theories grounded in markedly different reBearc
traditions have received increased attention in recent years (e.g., CHZdheognitive
abilities, Gardner’s Theory of Multiple Intelligences, the LurissDéodel of Information
Processing, Sternberg’s Triarchic Theory of Intelligence). Otthe=ories, the
psychometrically based CHC theory has been viewed as having the greatasldote
examining the importance of general and specific cognitive abilitiesisasased on a
more thorough network of validity evidence than other contemporary multidimensional

ability models of intelligence (McGrew & Flanagan, 1998).

Cognitive Abilities and Reading Achievement
Crystallized intelligence (GcCrystallized ability refers to information learned
through previous experience. Crystallized ability, an area of acquired knowledge,

includes one’s cultural knowledge obtained through exposure and one’s ability to
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communicate this knowledge. Crystallized ability also includes the capacaggson

with previously learned procedures. This reasoning depends on previously learned

information either encountered through formal schooling or in interactions with the

environment (Flanagan, Ortiz, Alfonso, & Mascolo, 2002; McGrew & Flanagan, 1998).
Studies using CHC theory suggest that psychomgtiie. the general factor that

results from the positive correlation of mental tasks) and five specific cagaltilities

significantly contribute to variance on measures of reading achievemgaitant

specific cognitive abilities includealauditory processing), €Xcrystallized intelligence

or knowledge), @ (long term storage and retrieval)si@(short-term memory) andsG

(processing speed) (Benson, 2007; Evans, Floyd, McGrew, & Leforgee, 2002; Flanagan,

2000; Floyd, Keith, Taub, & McGrew, 2007; Hale, Fiorello, Kavanagh, Hoeppner, &

Gaither, 2001; McGrew, Flanagan, Keith & Vanderwood, 1997; Vanderwood, McGrew,

Flanagan, & Keith, 2002). The present study focuses on fluid reasorfingn

crystallized ability (&) and their relationship to academic achievement. Therefore, these

areas will be the focus when discussing prior research findings comgelefiding

achievement and cognitive processes.

McGrew, Flanagan, Keith, and Vanderwood (1997) examined the relationship
betweerg and seven G Gc specific abilities and general and specific reading skills.
This study was designed to reexamine the g versus specific abibtes i a manner
that reflected progress in theory, measurement and methodology. Analyses wer
conducted in separate model calibration and cross-validation samples at eaeh of fi

grade levels. This study used structural equation modeling procedures afrdnests
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validated @& - Gc organized intelligence battery to operationalize a hierarchiaat G -
Gc model consistent with Carroll's (1993) three stratum model of intelligence.

Across all analyses, the relationshipgdb general reading was as expected —
significant and strong across all developmental levels, ranging from .57 too\®8veéf,
a number of significant and strong cross-validated direct effects forispgeicif Gc
abilities on specific reading skills also were found, as a result of the tipiizzt SEM
analyses. McGrew et al. (1997) found that Ga abilities were significahited to Word
Attack skills (pronunciation or decoding of unfamiliar words). gtiactor displayed a
significant indirect effect on Word Attack skills (as mediated throughriiegtdirect
effect on reading), which in turn had a consistently strong direct effechabi@ies
contributed to the explanation of Word Attack skills as reflected by the seymifiirect
effects ranging from approximately .20 to .50 in grades 1 through 9. Thus both general
(g) and specific abilities (& were found to be important for understanding Word Attack
skills.

The results for Passage Comprehension (a person’s skill in identifying aokay w
missing from a reading passage) reflect the importance of a diftgredific ability (&)
and reveal potentially important developmental trends. Although the effagtgeaheral
reading, and Gwere all significant during grades 1 — 6, the general effectsyaad
general reading) decreased in importance and became nonsignificagtadtes,
whereas the specificdability effect gradually increased with age. Interestinglywas
the strongest of all effects on Passage Comprehension at all grades.

Overall, the results of the McGrew et al. (1997) study suggest that somiecspeci
abilities, including crystallized intelligence and auditory processimy, lme important for
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understanding the development of specific reading skills, above and beyond the
understanding gained from general cognitigeand achievement constructs. In addition,
the relative importance of both general and specific abilities change peeitally, and
these changes may in turn vary as a function of the specific academic skjll bei
investigated.

Flanagan (2000) investigated the relationship between Wechsler-based CHC
Cross-Battery Assessment and reading achievement. Her findings wei@dw(1) the
g factor underlying the Wechsler-based CHC cross-battery model acddange
substantial variance in reading achievement, up to 68% and (2) when assessments ar
organized around the strong CHC theoretical model, specific cognitive abilixuding
auditory processing (&, crystallized intelligence (€, and processing speedgG
explained a significant portion of variance in reading achievement beyond thahtsct
for by g.

Evans, Floyd, McGrew, and Leforgee (2002) examined the relations between the
CHC theory of cognitive abilities and reading achievement during childhood and
adolescence. Using a large, nationally representative sample includiegtstGdo 19
years of age, operational measures of CHC cognitive abilities obtaimedheo
Woodcock Johnson 111 (WJ Ill) were found to be significantly related to the components
of reading achievement. Multiple regression analyses were used tesregvesal WJ I
cognitive clusters onto the WJ 1l Basic Reading Skills and Reading Compia@ihens
clusters for 14 age groups. General knowledgs) (Gcrystallized ability demonstrated
moderate to strong relations with components of reading achievement acrdissazhil
and adolescence, and short-term memognjGlemonstrated moderate relations
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throughout this period. Auditory processingaj{dong-term retrieval (&), and

processing speed demonstrated moderate relations with the components of reading
achievement during the elementary school years. In contrast, fluid reasof)iagdG
visual-spatial thinking (& demonstrated no consistent pattern of significant relations
across childhood and adolescence. Although previous analyses examining the predictive
power of the Woodcock-Johnson Psychoeducational Battery — Revised (WJ-R;
Woodcock & Johnson, 1989) — an empirically supported measure of several constructs
within the Cattell-Horn-Carroll (CHC) theory of cognitive abilitie$f cluster indicated

that & abilities are significantly related with Reading Comprehension from the ea
school-age years to early adulthood (McGrew, 1993), the results of the Evarstiatyal
suggest that, within the context of all seven CHC factor clustédo&3 not appear to

add anything unique or significant to the prediction of reading achievement.

Using the G - Gc model factor scores in predicting concurrent standardized
academic achievement test performance in a clinic-referred safgiiddren with
diagnosed learning disabilities, Hale, Fiorello, Kavanagh, Hoeppner, andrGaithe
(2001) results revealed complex relationships among collinear predictdrs, wit
crystallized, quantitative and short-term memory factors accounting f&tr mo
achievement variance, regardless of academic domains.d1a&tGr appeared to predict
consistently all academic domains, which is not surprising, again consideting tha
achievement measures are related to crystallized abilities @ic&~lanagan, 1998) or
acquired knowledge (Kamphaus, 1993), abilities inseparable from previous experience
and education. Of importance to note, commonality analyses were employed, as this
method has become the preferred analyses over hierarchical regressia model
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(Pedhazur, 1997) when attempting to predict academic achievement, partietianly
factor or subset scatter is large, as it was in Hale et al.’s sample.

In a study conducted by Vanderwood, McGrew, Flanagan, and Keith (2002), the
standardization sample of the WJ-R was used to analyze the contribution of specific
cognitive abilities to reading achievement at five developmental levedsteBults of the
study clearly indicate that€ggcomprehension knowledge or crystallized ability) ard G
(auditory processing) play an important role in the development of reading skills,
particularly reading comprehension and basic reading skills, respectihelye3ults of
this study support the belief the CHC specific cognitive abilities can be ugag@lain
and better understand academic achievement, above and beyond the effects of

Floyd, Keith, Taub, and McGrew (2007) employed structural equation modeling
to examine the effects of CHC abilities on reading decoding skills uswaqde-
differentiated samples from the standardization sample of the WJ Ill. b&rgpearman
Model including onlyg, strong effects afj on reading decoding skills were demonstrated
at all ages ranging from .73 - .88. Using the Two-Stratum Model inclupamgl broad
abilities, direct effects on the broad abilities df ,&s, Gc, Gsmand G on reading
decoding skills were demonstrated at select agésid very large but indirect effects
(ranging from .64 - .81), meaning tigahad direct effects on the broad ability factors,
and in turn, some of these broad ability factors had direct effects on reading decoding
skills. Important to note, beginning at ages 7 to 8 and continuing through the three
remaining age levels,3lemonstrated large direct effects.

Benson (2007) applied structural equation modeling procedures to the
standardization sample of the WJ Il to simultaneous estimate the effects o
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psychometric general factay)( specific cognitive abilities, and reading skills on reading
achievement. The results of this study indicated that g had a strong datohship
with basic reading skills until about sixth grade, at which ppiceases to have a direct
effect but continues to have an indirect effect mediated throoeginGGm Also, g was
found to have a strong indirect effect on reading fluency and comprehensiongradess
levels. The influence of €on basic reading skills was minimal at Grades kindergarten to
3 and 4 to 6 and moderate to strong at Grades 7 to 12. Benson noted that this may be
related to the improvement of reading strategies as children age. Thatrighdldien
may develop strategies allowing them to better utilize their background lagevi€he
results of this study suggest that the influence ®bGreading comprehension increases
as children develop basic reading skills. This finding is consistent withghksref
previous research (Yavanoff, Duesbery, Alonzo, & Tindal, 2005) and may reflect a
bidirectional relationship betweerc@nd reading comprehension. Thus, acquired verbal
knowledge may improve reading comprehension, which in turn may stimulate the
development of G

In relation to the present study, prior research suggestg #mat specific
cognitive abilities play important roles in reading achieventem.shown to have direct
(Benson, 2007; Flanagan, 2000; Floyd et al., 2007; McGrew et al. 1997) and indirect
effects (Benson, 2007; Floyd et al., 2007; McGrew et al. 1997) on all aspects of reading
ability, including word attack skills, reading decoding skills, basic readirlg,sl@ading
fluency and reading comprehensiort léas been found to have a moderate to strong
relationship with reading achievement in general (Evans et al., 2002; Flanagan, 2000;
Hale et al., 2001) and with more specific reading skills including reading decddlag s
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(Floyd et al., 2007) and reading comprehension (McGrew et al. 1997; and Vanderwood et
al., 2002).

It is not surprising that Gis generally a strong predictor of Basic Reading Skills
and Reading Comprehension. The relations between reading achievement andithe brea
and depth of a person’s knowledge are logical. Both abilities stem largedyttie
acquisition of declarative and procedural knowledge and, in fact, may be considered
types of academic achievement. It is clear that the link betweamd@reading
achievement is robust and increasing as a function of age. This link may aeflect
bidirectional relationship, whereas vocabulary and general knowledge contobute
reading abilities and vice versa (Stanovich, 1986).

The significant relationship betweert @nd reading comprehension is consistent
with research that indicates prior achievement affects future achievantetitat
comprehension-knowledge influences reading achievement. It alse kegoal that
prior exposure to the culture and language of the test should be of benefit to diestest t
when attempting to garner understanding from a reading passage or define vgcabula
(Vanderwood et al. 2002).

Cognitive Abilities and Math Achievement

Fluid intelligence (Gf)Fluid intelligence refers to mental operations that an
individual uses when faced with relatively novel tasks that cannot be performed
automatically. These mental operations may include forming and recogoaiogpts,
perceiving relationships among patterns, drawing inferences, comprehending
implications, problem solving, extrapolating, and reorganizing or transforming
information. Inductive and deductive reasoning are generally considered to be the
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hallmark narrow-ability indicators of f{GAlthough most practitioners would agree that
this ability is typically not measured directly by individually admimestieachievement
batteries, some tests of achievement clearly involve the uskeatiiles. For example,
tests of reading comprehension may require individuals to draw inferenceth&aext
(Flanagan, Ortiz, Alfonso, & Mascolo, 2002).

Aside from general inductive and deductive reasoning abilitiealsSG subsumes
more specific types of reasoning, most notably quantitative reasoning (RQ@}itqivee
reasoning is directly related to formal instruction and classroom relgpediexces. In
many ways, it can be seen as a measure of learning, and in fact, subtestasinae m
mathematics reasoning on a number of achievement tests (Wechsler Individua
Achievement Test — Third Edition [WIAT-1l] and WJ-3) appear to directlysueaRQ.

As such, RQ seems to lie well within the overlap of the continuum of cognitive and
academic abilities. At the very least, it represents a good example of thos@fabilities

that is often measured by both cognitive and achievement tests (Flanagan et alln2002)
comparison to reading-related competencies, relatively little is known about the
development and maintenance of mathematics skills. Less is known about the underlying
cognitive processes that contribute to mathematics achievement and ni@athlema
disabilities (Rourke & Conway, 1997).

Several studies have examined the relationship between measures of CHC broad
and narrow cognitive abilities and mathematics achievement. For examptenustiple
regression analyses of the WJ-RR-&c clusters and a group-administered achievement
test with a sample of school-age children, Williams, McCallum and Reed (199@&gcepor
that & and & were the best predictors of mathematics achievement.
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McGrew and Hessler (1995) examined the relations between the seven WJ-R G
Gc cognitive clusters and the WJ-R Basic Mathematics Skills and Matizsmat
Reasoning clusters. Fluid reasoning and crystallized ability cardetainsistently and
significantly with mathematics achievement, above and beyond the contribugom o
Gc relation with mathematics achievement increased monotonically with age. Flui
reasoning (® generally displayed moderate relations with both mathematics clusters
across all ages.

McGrew et al. (1997) examined the relationship betvgeand seven & Gc
specific abilities and general and specific mathematics skills. skhdy was designed to
reexamine thg versus specific abilities issues in a manner that reflected progress in
theory, measurement and methodology. Analyses were conducted in separate model
calibration and cross-validation samples at each of five grades levels. Thisistod
structural equation modeling procedures and tests from a validate@c@rganized
intelligence battery to operationalize a hierarchgcahd G - Gc model consistent with
Carroll's (1993) three stratum model of intelligence.

Across all analyses, the relationshipgdb general math was as expected —
significant and strong across all developmental levels, consistengingainom .43 to
.56, with the exception of a lower .23 effect at grades 5-6. The indirect and dieets eff
for the general constructg &nd general mathematics) increased in importance with age.
In contrast, the specific abilities of @hd & decreased in relative importance with
increasing age. An interesting developmental observation was the finding ddatities

were much more strongly associated with solving applied mathematicsrpsoditie
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grades 1-2 than any other general or specific ability, with its importieweasing and
becoming nonsignificant after grade 9.

Similar findings have surfaced from independent research using the W3- &G
clusters and from additional analyses of the WJ-R standardization sample Itidetdigc
in the analysis. Keith (1999) found that measures of mathematics achievement we
strongly influenced bg and a number of other CHC broad cognitive abilities, such as
Gc, Gf, and G. Hale et al. (2001) reported that when CHC-organized commonality
analyses were applied to factor indexes, the broad cognitive abilitysdat, Gsm and
Gq were significantly associated with mathematics achievement above yortilibe
predictive effects of the Full Scale 1Q.

Floyd, Evans, and McGrew (2003) used multiple regression analyses to
investigate the validity of the cognitive clusters from the WJ Il in pted
mathematics calculation and mathematics reasoning skills. Comprehensiorda@w|
(Gc) demonstrated the strongest predictor of mathematics achievement throhghout t
school-age years, indicating moderate relations with Math Calculatios &kél the
early school-age years and moderate to strong relations with Math Reasaemegal
cultural knowledge and knowledge of mathematics concepts, facts, and the procedures t
conduct arithmetic stem largely from the acquisition and modification ofrdéemand
procedural knowledge structures (Woodcock, 1993, 1998). Both abilities may be
considered types of academic achievement (Anastasi, 1988; Flanagag@2l.
Kaufman, 1994; Woodcock, 1990). Because of these similarities, the increasinthstreng
of relations between &and Math Reasoning are logical because knowledge of
mathematics, rather than more fundamental cognitive processes, likelputastr
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significantly to further mathematics skill development after bastb@maatics skills

(e.g., simple addition and multiplication) are established (Geary, 1994). frooties
because Gsubsumes narrow cognitive abilities associated with listening and speaking,
the moderate to strong relations betweera@d the mathematics clusters are likely due
to the influence of language-based cognitive processes on math performance.

In the same study, Floyd et al. (2003) found that Fluid Reasonipgé¢@erally
demonstrated moderate relations with the Math Calculation Skills and modesatang
relations with Math Reasoning throughout childhood and adolescence, indicating that
domain-general problem-solving and reasoning abilities are strong influences on
mathematics achievement. The authors list several reasons as to wingdthgsié not
surprising. First, Carroll's (1993) analysis and comprehensive review of hwgaitize
abilities indicated that quantitative reasoning abilities could be included unedstratum
[l ability, Fluid Intelligence. Second,f@ppears to represent some of the prominent
constructs in studies of mathematics skill development, such as problem-solving
schemata, strategy use, and strategic change (Cummins, 1991; Lemaagget, $995;
Vaughn & Wilson, 1994). Third, research that has included instruments that appear to
measure Gabilities (e.g., the Wisconsin Card Sorting Test and the Halstead Gatego
Test) has indicated that such abilities are significant correlatestbématics
achievement (Bull, Johnston, & Roy, 1999; Rourke, 1993; Shute & Huertas, 1990; Strang
& Rourke, 1983).

Proctor and Shaver (2005) extended previous research examining the relationship
between CHC cognitive abilities and math achievement. The cognitiveegrofil
children with normative weaknesses in Math Calculation Skill or Math Reasoeieg w
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compared to those of their average-achieving peers. The cognitive profikeloi
Math Calculation Skills group was similar to that of their average-aciggagers. The
low Math Reasoning group scored lower than their average-achieving peers on the
cognitive abilities as a set, which may suggest group differengeg\ma group, their
scores on fluid reasoning and comprehension-knowledge were lower than those of the
Average Achievement group. In addition, their mean score in the fluid reasoniteg clus
was significantly lower than the population mean, indicating a normative weaKihess
relationship between math reasoning and fluid reasoning resonates with thesfwfding
previous studies examining the statistical relations between math skilmdedying
cognitive abilities of reasoning and novel problem-solving skills.

The studies reviewed above provide evidence of the external validity of CHC
broad and narrow cognitive abilities in predicting mathematics achieveevem when
the effect ofg is present in the analysiS.is shown to have direct effects (Keith, 1999;
McGrew et al., 1997) on math achievement in gene@hds been found to have a
moderate to strong relationship with math achievement in general (Hale et al., 2001;
Keith, 1999; Williams et al., 1996) and with more specific math skills including Math
Calculation (Floyd et al., 2003) and Math Reasoning (Floyd et al., 2003; McGrew et al.,
1997; Proctor & Shaver, 2005)f Gas been found to have a moderate to strong
relationship with math achievement in general (Keith, 1999; Williams et al., 1996) and
with more specific math skills including basic skills (McGrew et al., 1998jhm
calculation (Floyd, et al., 2003) and math reasoning (Floyd et al., 2003; McGrew et al

1995 and 1997; Proctor & Shaver, 2005).
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In sum, recent research has demonstrated that specific cognitivesaitei
important in understanding specific academic skills. Furthermore, thesécsplitities
explain a significant portion of the variance in academic criteria (rgaaid math
achievement) above and beyond that accounted fgy dwygeneral ability. The
importance of these specific abilities in understanding reading and mattemati
achievement, in particular, has been found to be indistinguishable across ethnic groups
(Keith, 1999). In general, this research shows that specific cognitiveesb(H, Ga, Gs,

Gc, Ar, and Gm) have significant, cross-validated effects on the development of
specific reading and math skills (McGrew et al., 1997). Also, these cognititeealare
significantly related to academic skills at different developmentaldeVéis research
suggests that certain cognitive abilities, at certain ages, may be impomagasure and
interpret in addition tg (or general intelligence) in reading- and math-related referrals.
The results of these studies further suggest that the momentum of the antt-sddii
and anti-intelligence tests pendulum should be slowed or even reversed.

Cognitive Abilities and Prediction of Scholastic Achievement

Considering the movement toward using the CHC theory of cognitive abilities to
understand students’ cognitive strengths and weaknesses, it follows that one would
examine the predictive value of cognitive scores on achievement. Schatastieanent
can be measured two ways: performance on standardized achievement testisahnd a
grades received. While research has compared cognitive ability scdreswvaterall
grade point average (GPA), with the correlation between IQ scores and dradesta
.50 (Neisler et al., 1996; Sternberg, Grigorenko, & Bundy, 2001), until this point, most
research has focused on the comparison between cognitive ability scores veishoscor
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standardized achievement tests (Evans, et al., 2002; Felton & Pepper, 1995; McBride
Chang, 1995; McGrew & Flanagan, 1998; Wagner & Torgesen, 1987; Williams,
McCallum, & Reed, 1996). One specific example taken from previous research shows a
relationship between crystallized abilitygGnd reading achievement as measured on
standardized achievement tests (Felton & Pepper, 1995; McBride-Chang, 199&rWa
& Torgesen, 1987). However, there is little research that indicates that abosgeaver
ability in Gc correlates with higher grades in reading, language arts or Engksiesla
McLaughlin (2005) studied the relationships between specific cognitive faatbis the
CHC Theory and grades as markers of achievement in specific subjesmnple of
high school and college students. Results did not demonstrate significanttiomsela
among CHC factors of cognitive abilities and high school grades or college GPA. As
McLaughlin notes, because of the small sample size (N = 30), results should be
interpreted with caution. The current study expanded this investigation to look at the
correlations between cognitive ability and grades in school, as grades &pital
measure of scholastic achievement as defined by the educational systesn that
focusing on an aggregate point system, such as GPA, grades attained in sp®eiftc s
areas (i.e., reading, writing, math, science and social studies) veanenexl individually.
Standardized Achievement Tests and Prediction of Scholastic Achievement
Standardized, selected-response achievement tests are the most common method
for measuring student performance. Each year, millions of individuals in thelUnite
States take standardized achievement and post-secondary admissiongjteS&Te.
[formerly the Scholastic Aptitude Test and Scholastic Assessmenj. Taisgn their
prominent role in influencing educational opportunities, these tests are oinfeeest to
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the public. Research indicates that scores on standardized tests of abilitys e
SAT, as well as past academic performance (generally measureghlschool grade
point average and class rank) are the most valid predictors of successge, @sle
measured by college GPA. When corrections for measurement unreliabditange
restriction are taken into account, scores on standardized tests have dendoststrage
criterion-related validities with cumulative college GRA=(.45) and correlations with
high school grade point average and rask=(.44 to .62); correlations with first-year
college GPA are often higher (Schmitt et al., 2007). While it is concluded that
achievement test results are generally good predictors of grade poigesvieraigh
school and college samples (Kuncel, Hezlett & Ones, 2001, 2004), few research studies
have looked at the relationship between achievement test results and ademkegraed
in specific subject areas, rather than GPA. For example, it is uncleawasther strong
performance on a verbal section of an achievement test translates intoghagles in
the subject areas of reading and writing. The current study expanded this atiesty
looking at the correlations between achievement test results and gradesldbea m
school sample, as grades are the typical measure of scholastic aemeasrdefined by
the educational system. Rather than focusing on an aggregate point system, $2h as G
grades attained in specific subject areas (i.e., reading, writing, math¢sand social
studies) were examined individually.
Group-Administered Tests

In the late 18 century, Alfred Binet's developments in the field of intelligence
testing did not occur in a vacuum. American psychologists also were in active pliesui
measure of mental ability. The breakthrough in mental measurement came about as
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result of the entry of the United States into the First World War. All versibtige Binet
scales had to be given by a trained technician to one person at a time. But dnogip tes
where subjects read questions to themselves and check off multiple-choice amswers
make appropriate marks on the form, would be far quicker, simpler, and very much less
expensive.

Psychological testing got a strong boost from the American Psychdlogica
Association (APA) in 1895, with the appointment of a committee on testing (Thorndike,
1997). The committee reported that the most useful contribution of the profession would
be the development of psychological examinations that could be quickly given to large
numbers of military personnel so as to eliminate the mentally incompetessifyl
individuals according to their abilities, and select the most competent foalspaitiing
and responsible positions. In 1899, Kirkpatrick (1900), addressing the APA, called for
tests “of such nature that they can be taken by children as well as adults ytisaadhbe
such that all persons tested will have had about an equal opportunity for the exercise of
the power tested, and that in the interest of economy of time the tests so faitds poss
shall be so planned that they can be given to a whole class or school at once” (pp. 279-
280).

Lewis Terman, Henry Goddard, and Robert Yerkes began planning the tests.
Yerkes was commissioned a major in the Army and produced the Army Alpha, a written
test of intelligence, and the Army Beta, a pictorial test for the functioritéyate. By
the time the war ended in 1918, more than 1.7 million men had taken the tests and over
three hundred psychologists had graded each man and suggested a suitable military
assignment (Hunt, 1993).
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After the war, the testing movement took off. As early as 1909, Binet called f
universal measurement of the intelligence of school pupils. In 1920, as thedinst g
administered tests for use in the schools were being published, he stated “dwt great
usefulness [of intelligence tests] will be found in their universal applicatiochtmb
children...... ‘A mental test for every child’ is no longer an unreasonable slogan”
(Terman, 1920, p. 20). As a start, he proposed that all students in the fourth grade and
beyond should be give a group-administered test every year and those whosea®res
at the extremes (very high or very low) should be given an individually administered
Binet test. As a result, the use of intelligence tests in schools grew rapitily, w
approximately a million children in the schools of the United States given a groug menta
test during the year 1919-1920 (Thorndike, 1997).

In deciding whether to use group or individually administered tests, Sattler (2001)
recommends that one must consider the nature of the referral question and whether the
referral question can be answered without administering a battery of inditedtsa
When there is a reason to question the validity of the results of group tests or when an
observation of the examinee’s performance is needed, the administration of individual
tests is recommended.

Group tests are less frequently used in the assessment of speciah ¢orldoer
reasons (Sattler, 2001). First, group tests usually require some degree of reading
proficiency, and many children with special needs have reading difficiBeesnd,
because examinees taking group tests typically fill in bubbles, cittdesler underline
answers instead of giving their answers orally, it is difficult to detegmihether they
know the answers or are merely guessing. Further, group-administesediot@®t allow
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for the observation of the examinee’s problem solving strategies. Third, graupetest

to use recognition rather than recall, requiring examinees to seleatowerdrom

among the several that are given. Fourth, examinees taking group tests oaf get |
bored, fatigued, or indifferent without examiners’ knowing that such behaviors are
present or having a chance to intervene. With individual tests, examiners can monitor
these factors and take steps to reduce their influence by providing encourggeme
bringing examinees back to focus, and taking short breaks.

Individually administered tests are more expensive in both cost and time than
group-administered tests. School districts as well as researcherswipéoy the use of
group tests, mainly due to the expense and time constraints, but also because amformati
from group tests can help educators make better instructional decisions fotsarde
drive instructional and curriculum goals.

In order to accommodate the testing of students with disabilities, modifications
testing procedures are followed as written in the students Individualizedtiduca
Program (IEP) or Section 504 Plan. Such accommodations may include: admomistrati
a small group; reading directions and test questions aloud; alternative ansveeiupes
(pointing, oral); repetition of directions; frequent breaks; and extended time.

Lohman and Hagan (2001) define a testing accommodation as a change in the
procedures for administering the assessment and that an accommodation is intended t
neutralize, as much as possible, the effect of the student’s disability onebksnasst
process. Accommodations should not change the kind of reasoning ability or skill being

measured but should change how the ability or skill is measured. If chosen apgyopriate
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an accommodation should provide neither too much nor too little help to the student who
receives it.
Cognitive Abilities Test (CogAT)

In terms of theory and research basis of the CogAT, the construction of the
instrument was based on concepts drawn from recent revisions of two classicohodels
human abilities: Vernon’s (1961) hierarchical abilities model and Cattell’'s (TR&F-)
crystallized abilities model. Both of these are factor-analytic andrstacal models in
the sense that they posit several strata of factors ranging from vemab® very
specific. The two models differ in the number of general factors provided. Vernon’s
model describes one general reasoning factor cglledt dominates all other factors.
Cattell’'s model provides for two general reasoning factors, fluid-anagdsoning
(usually designatedfisand crystallized reasoning (usually designatel] @hich
dominate the other factors in the model. Of the two models, Cattell's is ggnerall
considered more comprehensive and complete, especially in its more recemsevis

Vernon’s model provides for two major group factors. One of these is walled
ed orverbat educational It dominates the more specific factors such as logical
reasoning, inductive reasoning, fluency, number facility, and vocabulary. The ofjber ma
group factor is calle#d: m, or spatiat mechanical It dominates the more specific factors
such as spatial ability, mechanical information, and psychomotor coordination. Both
major group factors are dominated by the general reasoning fgcidre major concept
taken from Vernon’s model and applied to the construction of the CogAT is the three-
stratum structure with a general reasoning fagtadpminating all others and with major
group factors dominating the more specific factors.
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In 1943, Cattell first proposed his theory of fluid-crystallized abilities, gdiger
called the G- Gc theory, but he did not fully develop and explicate it until 1963. In
recent years, much of the research on Cattell’s theory has been conductad by H
(1985), a colleague who studied with Cattell, and the theory today is generaligddée
as the Cattell-Horn theory. Cattell defined fluid-analytic abdi{&f) as general abilities
that enable the individual to process mental information accurately and apprgpriatel
across a wide range of cognitive tasks. Cattell indicated thapBsented an
individual's basic capacity to acquire knowledge and that cognitive tasks thaerequi
inductive, deductive or spatial reasoning were excellent measurdstdé Gefined
crystallized abilities (@) as those that an individual acquired (partly on the basis of her
or his level of @) through acculturation, which includes both general experience and
formal schooling. Cattell would include language development, vocabulary or lexical
knowledge, verbal comprehension, and number facility under the rubric of crystallize
abilities. Cattell stated that fluid abilities are much more likelytinénce crystallized
abilities than the reverse. Horn, on the other hand, emphasized thatdzotd G were
developed through education and experience. Cattell and (later) Horn demonsttated tha
test tasks using geometric and other nonverbal symbols were excellentaaedsair
and were less affected by acculturation than verbal and quantitative tasks.hidrs afut
CogAT used Cattell's theory much more extensively than Vernon'’s to construcfCogA
The provision of three separate indexes, one of which is a nonverbal battery, is based on
the research of Cattell and Horn. The concept of fluid-crystallizediabisilso has been

used to guide the selection of tasks for the test.
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Although Cattell did not provide for a single, overall factprGustafsson (1988)
demonstrated thatfGnd & have substantial positive correlations, indicating that a
higher factor dominates both of them. His analyses demonstrate that the modeledropos
by Vernon and Cattell are basically similar, although they use differenini@ogy and
provide for a different number of major group factors.

In the most comprehensive review to date, Carroll (1993) reanalyzed the work of
Horn and Cattell, yielding conclusions in general agreement with those of othe
researchers in the field (see, for example, Gustafsson & Undheim, 1996). Carsoll's
important finding is that human abilities are organized hierarchically. Tégsithat
some cognitive competencies are more broadly useful than others. It also meaes the
that postulate either an independent set of abilities or just one general ability a
fundamentally flawed. The hierarchy that Carroll proposes startgywgneral mental
ability, at the topmost level. Eight broad group factors define the second levielalbyig
identified by Cattell and Horn. These factors vary in their associatitrgwl he closest
is the factor Cattell termedfGor general fluid ability. Other factors at this level include
Gc (verbal crystallized ability), G(broad visual perception),dgprocessing speed) s@
(short term acquisition and retrieval)lrGong term storage and retrieval)a Goroad
auditory perception), andd3quantitative knowledge). Finally, a longer list of
psychologically more transparent primary factors defines the third level

Carroll's analyses show thgfthe topmost factor in the hierarchy, is most highly
correlated with the second-level factof, @eneral fluid ability. &in turn, is virtually
synonymous with the primary factor,or reasoning. Gustafsson (1988) claims that the
three factors are identical, thatgss Gf =r. Others would describe the relationship
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betweerg and G as more of an approximation than an identity. In either case, however,
we are left with the important insight that reasoning abilities are abtkeot human
cognitive competence.

Carroll's secondary factor analysis helped to identify major aspettdividual
differences in reasoning. He has shown that thia&or may be separated into three
subfactors: (1) sequential reasoning — verbal, logical, or deductive reas@ping; (
guantitative reasoning — inductive or deductive reasoning with quantitative cqracepts
(3) inductive reasoning — typically measured with figural tasks. The Cog#s designed
to measure all three aspects of reasoning, with a focus on the g factothadtseatum
of the CHC theory and the stratum Il fluid reasoning abilities that load mosy loigig
(Lohman & Hagan, 2002).

Purpose of Current Study

As noted, previous research has documented the correlations between general
cognitive ability, CHC abilities and performance on standardized achievensasures.
The purpose of the current study is to examine the relationship between cognilitiye abi
and measures of achievement, specifically, standardized achievement scordsJbn the
ASK and school grades. Specifically, four research questions will be aglttr€ss\What
is the relationship between cognitive ability as measured by the CogAdcaddmic
achievement as measured by NJ ASK test scores in grades 3, 5, and 7? (2) What is the
relationship between cognitive ability as measured by the CogAT in raxeé grade 7
grades? Additionally, what is the relationship between academic achigvasne
measured by NJ ASK test scores in grade 3 and grade 7 grades? (3) Whechivef t
cluster scores on the grade 3 CogAT and NJ ASK (CogAT Verbal, CogAT Ctiaeti
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CogAT Nonverbal, NJ ASK Language Arts and NJ ASK Mathematics) bestiwedi
achievement in each of the academic subject areas investigated? (4) Qlavecapility
as measured by the CogAT and academic achievement as measured by NStASK te

scores in grade 3 predict special education classification in grade 77?
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CHAPTER 3
METHOD
Participants

The patrticipants in this study consisted of a subsample (N = 452) of the 604
seventh grade students enrolled in a large, suburban public school district during the
2007-2008 school year. The students were approximately equally distributed across
gender. Participants were selected based on the availability ofdest fom two group-
administered tests: the New Jersey Assessment of Skills and Knowkbg&SK) and
the Cognitive Abilities Test (CogAT). The sample consisted of seventh gratbntt
who had valid scores on both tests in grades 3 (during the 2004 school year), 5 (during
the 2006 school year) and 7 (during the 2008 school year). Only those participants for
whom all six scores were available (N = 452) were included in the analysis.

The target school is a Kindergarten through grade 8 (K-8) public schooltdistric
located in a middle to upper middle class suburb in the northeastern part of the United
States. Five percent of students receive free and/or reduced lunches. Theakeig) of
the district is 86% White, 6% Asian, 5% Black, 2% Hispanic, 1% Pacific Islamtker
less than 1% Native American. Currently staffed by approximately 450 teatiere are
approximately 5,000 students enrolled in grades K-8.

Materials
Materials/Measures Needed for the Current Study
SPSS Statistical Software

This software program was used to conduct all the intended analyses. As a

statistical instrument SPSS provides a powerful set of sophisticated uei\zartht
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multivariate analysis techniques to fit the inherent characteristitatafdescribing
complex relationships.
Cognitive Abilities Test, Form 6 (CogAT)

The Cognitive Abilities Test (CogAT) is a group-administered tesgdedito
measure general abstract reasoning abilities and a student’s capapipytthese
abilities to verbal, quantitative, and nonverbal cognitive tasks. This information @an hel
educators make better instructional decisions for individuals and groups. The primary
uses of CogAT scores are (1) to guide efforts to adapt instruction to the needs and
abilities of students, (2) to provide an alternative measure of cognitive degig@and
(3) to identify students whose predicted levels of achievement differ markeaittieir
observed levels of achievements (Lohman & Hagan, 2001).

Form 6 of CogAT consists of three separate indexes that measure verbal,
guantitative, and nonverbal reasoning. In addition to these index scores, it @lsayiel
composite score that is based on the student’s performance on all three indexes. The
composite score indicates the variety and strength of the student’s own cognitive
resources for learning and the effectiveness with which individuals can use thes
resources to accomplish a wide range of cognitive tasks (Lohman & Hagen, 2001).

CogAT scores are reported in the form of Universal Scale Scores (USS) and
Standard Age Scores (SAS). The USS is a normalized standard score and is the
fundamental CogAT scale. It spans all levels of CogAT and is the meartsdiyawraw
score on one level of the test can be related to a raw score on any otherltdgSig\ae
considered developmental scores and were developed primarily to serve teathical
research purposes. Lohman and Hagen (2001) do not recommend the use of USS scores
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for determining patterns of cognitive development because the mean USS scbees on t
three batteries are not identical. The Standard Age Scores (SAS) scalehfeeparate
battery was developed using smoothed cumulative frequency distributions of USS score
of students at common age levels. The SAS scale ranges from a low of 50 to a high of
150. In all age groups, the mean SAS is 100, and the standard deviation is 16 SAS units.
The SAS permit one to compare the rate and level of cognitive development of an
individual to other students in the same group. When using SAS to determine the level of
a student’s cognitive skills, it is useful to think of them as clusters of stt@esan be
categorized as follows: SAS 50 — 72 Very Low; SAS 73 — 88 Below Average; SAS 89 —
111 Average; SAS 112 — 127 Above Average; SAS 128 — 150 Very High (Lohman &
Hagen, 2001).

The Multilevel Edition of the CogAT Form 6 (Levels A to H) is administered to
students in grades 3 through 12. Test Level A is typically administered totstire
grade 3, with test level B given to students in grade 4, and so on. The Multilevel Verbal
(65 items), Quantitative (60 items), and Nonverbal batteries (65 items) eaamc¢brge
subtests that use different item formats. The directions for each subtestichedaud by
the test administrator while the students read them silently. Students dea$pond to
the items on their own and mark their answers on a separate answer sheet. Eatimsubt
a battery has a time limit that must be strictly observed. These limitsinitially set to
provide enough time for the majority of students to attempt to answer all of tise Am
of the subtests except Quantitative Relations use multiple-choice itemBweianswer

choices. The Quantitative Relations items present only three answer choittee a

60



choices follow the same pattern for each item. Table 3-1 shows the number anttms
working time for each subtest in the Multilevel Edition (Lohman & Hagen, 2001).

Table 3-1. Number of Items and Working Time for Each Subtest on the CogAT

Number Working Minutes
of Items (minutes)
Verbal Battery 65 30
Test 1: Verbal Classification 20 10
Test 2: Sentence Completion 20 10
Test 3: Verbal Analogies 25 10
Quantitative Battery 60 30
Test 4: Quantitative Relations 25 8
Test 5: Number Series 20 10
Test 6: Equation Building 15 12
Nonverbal Battery 65 30
Test 7: Figure Classification 25 10
Test 8: Figure Analogies 25 10
Test 9: Figure Analysis 15 10
Total 190 90

There are three subtests on the Verbal Battery: Verbal Classific&entence
Completion and Verbal Analogies. One each subtest, each item presents five answe
choices. On the Verbal Classification test, three words make up the stimullentSt
must discover the conceptual link among the stimulus words and then select from the
answer choices the word that belongs with the stimulus words. For the Sentence
Completion test, each item presents a sentence with one word missing. Each lem on t
Verbal Analogies test presents a verbal analogy in the fogrBAC > . Students must

figure out the relationship between words A and B and then select the word from among
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the answer choices that relates to word C in such a way to correctly cothgleinalogy
(Lohman & Hagen, 2001).

The three subtests on the Quantitative Battery are Quantitative Rel&tionber
Series, and Equation Building. Depending on the level of the test, the Quantitative
Relations test has either one or two item types. There are alwaysrbvess ahoices on
this test (a form of “greater than,” “less than,” and “equal to”) and theglameys
presented in the same order. One type of item presents a pair of quantities (elaxs 3 dol
and 12 quarters). Students must judge whether the first quantity is greater ghrgres
or equal to the second quantity. The second type notates relationships among abstract
symbols and requires students to use the symbolic information to figure out the
relationship between two of the variables. (For example, given x = y andvehich, is
correct: x is greater than z, x is less than z, or x is equal to z?). On theeN8aeries test,
students must figure out the rule underlying the progression in the presentedrsgries
select the next number in the series from among the five answer choiceseBach it
the Equation Building test presents two or more numerals and one or more operational
symbols. Students must combine the given stimuli to make an equation whose solution is
given as one of the five answer choices (Lohman & Hagen, 2001).

The three subtests on the Nonverbal Battery are Figure Classificagane Fi
Analogies, and Figure Analysis. All of the items on this battery use figdesigns, or
geometric shapes as stimuli, and all present five answer choices. Each itleenFigure
Classification test presents a set of three stimulus figures. Studentdataimine the
underlying characteristic that is common to the three figures and thenfs@i@etmong
the answer choices the figure that also belongs with them. For the Figuogigadkst,
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three figures are presented in an analogy BA C->_). Students must determine the
relationship between Figure A and Figure B and then select from among the answe
choices the figure that correctly completes the analogy. The diffiaulbng these items
varies by the number and subtlety of the transformations used inztBerélationship.
Each item in the Figure Analysis test uses a series of diagrams to showshoara
piece of paper is folded and where holes are punched in it. Students must select the
answer choice that shows how the paper will look when it is unfolded. None of the
subtests on this battery require reading or the use of English. None requirésrprabr
conceptual or factual knowledge. All of the information needed to answer an item
correctly is embedded in the item itself (Lohman & Hagen, 2001).

The CogAT was normed on 149,798 students in grades K-12 during the spring of
2000. The sample was stratified on demographic variables such as geogrgiomgc r
socioeconomic status, and ethnic groups as well as a balance between public and private
schools. Sampling for the standardization produced a national probability sample
representative of students nationwide (Lohman & Hagan, 2002).

In the present study, a different level of CogAT was administered at ez gr
level (Level A = Grade 3; Level C = Grade 5; Level E = 7). As a re$uirtical
scaling, the series yield comparable scores that can describe thedorajitievelopment
of an individual's general verbal, quantitative, and nonverbal reasoning abilitiéeas s/
progresses through school. Items on each test form were developed througinsinext
tryout process that included screening for difficulty, discrimination, andrdiftial item
functioning (DIF). ltems within each battery were then independentlydstalereate a
unidimentional, cross-grade scale for each battery. Kuder-Richardson F@n(eR
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20), or coefficient alpha reliabilities, average .95 for the Verbal Bat@tyfor the
Quantitative Battery, and .95 for the Nonverbal Battery for both fall and spring
administrations. CogAT Composite scores are highly reliable. The thregybatt
Composite reliabilities average .98 for both the fall and spring administratiaken T
from theCognitive Abilities Test, Form 6 (CogArBsearch manual (2002), the reliability
and average standard error of measurement of the CogAT USS for test baigries
composite scores used in this study are presented in Table 3-2 by grade.

Table 3-2. CogAT6 Universal Scale Score Reliability Coefficienmt$Sfwing
Administration by Grade

Grade Test Battery or Composite Mean SD SEM K-R 20
3 Verbal (V) 175.4 21.80 4.7 .953
Quantitative (Q) 178.0 22.65 5.4 .943
Nonverbal (N) 185.8 22.49 4.6 .958
Composite (V+Q+N) 180.2 19.96 2.8 .980
5 Verbal (V) 192.0 20.70 46  .951
Quantitative (Q) 193.0 20.83 5.2 .937
Nonverbal (N) 196.6 20.89 4.4 .955
Composite (V+Q+N) 194.2 18.67 2.7 .978
7 Verbal (V) 205.3 19.84 4.6  .946
Quantitative (Q) 203.2 19.80 5.1 .934
Nonverbal (N) 203.9 1959 44 .950
Composite (V+Q+N) 203.6 17.71 2.7 977

CogAT was co-normed with the lowa Tests of Basic Skills (ITBS) on 149,798
students in grades K-8 and with the lowa Test of Educational DevelopmeiY) (bhE
30,740 students in grade 9 — 12. The concurrent prediction of achievement was quite

high. Average correlations with the ITBS Composite score were .83 for thalVer
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Battery, .78 for the Quantitative Battery, .71 for the Nonverbal Battery, andr.8tef
CogAT Composite. Differential validity was also observed for the CogArbAlescore
(which showed highest correlations with reading and language tests on thveiaene
batteries) and for the CogAT Quantitative score (which showed highest conzlatth
mathematics test on the achievement batteries). The Nonverbal Battepdshe

lowest correlations with all achievement scores. Put differently, the NohBatiary
provides the most independent information about the student’s cognitive development
(Lohman & Hagen, 2002).

In regard to internal consistency, results for the Multilevel Edition were
remarkably consistent across all eight levels. Table 3-3 shows the taxorgs by test
level (and grade level) for the hierarchical factor analyses of thidewel edition
(Lohman & Hagen, 2002).

Concurrent Validity Lohman (2003a) investigated the concurrent validity of the
Wechsler Intelligence Scale for Children — Third Edition (WISC-III; W&eh 1991) and
the CogAT. The standard battery of WISC-IIl and level D of CogAT werarasti@red
to 91 sixth grade students. General ability as estimated by the Full Scalensitar
WISC-III and by the Composite SAS score on CogAT correlated atrleasto. Latent
general factors on the two batteries correlated atleas®7. The authors concluded that
the general intellectual ability factor measured by the CogAT was thegearael
ability factor that was measured by the WISC-III.

Patterns of correlations between the CogAT Verbal, Quantitative, and Mahver
batteries and the WISC-IIl Verbal and Performance scores revealtddeng
correlations: the CogAT Verbal SAS correlated highest with WISC-ltbslef = .75).
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Table 3-3. Factor Loadings by Test Level for the Hierarchical FActalysis of the
CogAT Multilevel Edition

G V’ Q N’

Level A (Grade 3)

Verbal Classification .62 .33 .00 .00
Sentence Completion 75 40 .00 .00
Verbal Analogies .80 42 .00 .00
Quantitative Relations .80 .00 15 .00
Number Series .81 .00 16 .00
Equation Building T7 .00 15 .00
Figure Classification 75 .00 .00 .32
Figure Analogies .82 .00 .00 .35
Figure Analysis .67 .00 .00 .28
Level C (Grade 5)

Verbal Classification .60 .36 .00 .00
Sentence Completion 74 44 .00 .00
Verbal Analogies .78 A7 .00 .00
Quantitative Relations .82 .00 .09 .00
Number Series .81 .00 .08 .00
Equation Building .78 .00 .08 .00
Figure Classification 74 .00 .00 .34
Figure Analogies .82 .00 .00 .38
Figure Analysis .67 .00 .00 31
Level E (Grade 7)

Verbal Classification 72 44 .00 .00
Sentence Completion 74 45 .00 .00
Verbal Analogies .78 48 .00 .00
Quantitative Relations .82 .00 .20 .00
Number Series .83 .00 .20 .00
Equation Building 75 .00 .18 .00
Figure Classification 75 .00 .00 34
Figure Analogies .82 .00 .00 .37
Figure Analysis 71 .00 .00 .32

CogAT Nonverbal SAS correlated about equally with both WISC-III Venrbal.69) and
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WISC-III Performancer(= .57) scale scores. The CogAT Quantitative SAS also
correlated = .58 with the WISC-I11l Verbal but only= .42 with the WISC-III
Performance scale scores.

Correlations for latent variables showed that the two verbal batteriesnoste
similar ( = .87). Although the latent factors for the WISC-Ill Performance Scalehand t
CogAT Nonverbal Battery correlated only .64, the other two CogAT batteries showed
substantial correlations with the WISC-IIl Performance scale dsBasded on these
data, the authors conclude that the WISC-Ill Performance scale cannot ezl egtiat
the CogAT Nonverbal Battery. Although there was a clear associationdretiage two
verbal batteries and a weaker association between the WISC-IlIrRarfce and CogAT
Nonverbal batteries the overriding factor seems to be the presence of a coema@h g
factor in both test batteries.

Lohman (2003b) also examined the concurrent validity of the Woodcock-Johnson
[l (WJ-1ll; Woodcock, McGrew; & Mather, 2001) and the CogAT. A total of 178
students in grades 2, 5, and 9 were administered 9 subtests from the WJ-Ill standard
battery plus four additional subtests (Planning, Analysis-Synthesis, Appbbtems,
and Quantitative Concepts) and the appropriate level of the CogAT. Interbattery
confirmatory factor analyses showed that the general factors on the teselsat
correlated = .82. Correlations between broad-group clusters on the WJ-11l and battery-
level scores on the CogAT generally supported the construct interpretatieash. For
example, the CogAT Verbal correlated most highly with the WJ-III Veibdity score

(r =.62); the CogAT Quantitative correlated most highly with the WJ-111 Math
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Reasoningr(= .58); and CogAT Nonverbal correlated most highly with WJ-11l Fluid
Reasoningr(= .55).

Correlations between broad-group clusters on the WJ-11l and batterystsrek
on the CogAT also suggested important differences in the abilities measuredi by bot
batteries. For example, the CogAT Verbal factor had its highest atoored with @&,
followed closely by @. Further, both the CogAT Quantitative and Nonverbal factors
showed their highest correlations witlg.Gn general, the CogAT Verbal, Quantitative,
and Nonverbal scores correlated higher with the WJ-1ll General Intelleshility
(GIA) cluster than with any of the more specific WJ-IlI clusterse @hthors conclude
that all three of the CogAT batteries best measure what is capturedGiAtlcuster
and only secondarily what is measured by the five more specific clusters.
Theoretical Schema for the CogAT

The CogAT appraises general abstract reasoning abilities and the student’s
capacity to apply these abilities to verbal, quantitative, and nonverbal cogrstge ta
The test is divided into three batteries, each representing one of thesedhsed\kh
three batteries appraise inductive and deductive reasoning, which Cattell \asslti/c
as fluid-analytic abilities. The Verbal and Quantitative battepgsaase additional
cognitive abilities that are specifically related to those baiesigch as verbal abilities
on the Verbal Battery. Cattell would classify these as crystallizgitiess. The
Composite score for all three batteries is a measure of overall coghilitag termedg.
New Jersey Assessment of Skills and Knowledge (NJ ASK)

The New Jersey Assessment of Skills and Knowledge (NJ ASK) was designed to
give an early indication of the progress students make in mastering the knoamedge
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skills described in the New Jersey Core Curriculum Content Standards (OU&8) (

Jersey Department of Education, 2004; New Jersey Department of Education, 2006). The
test also fulfills the requirements under the federal No Child Left BeN@d.B) Act.

The results are to be used by school districts to identify strengths and sskimetheir
educational programs. This process is expected to lead to improved instruction and better
alignment with the CCCS. The results are also used, along with other indicators of
student progress, to identify those students who may need instructional support in any of
the content areas. This support, which could be in the form of individual or programmatic
intervention, would be a means to address any identified knowledge or skill gaps.

The NJ ASK consists of two content areas: Language Arts Literacy a
Mathematics. Scores at grades 3 — 7 are reported as scale scores vgehdad 189 to
300 in each of the content areas. The scale scores are intended to be compasable acr
forms within a grade. NJ ASK scale scores are not comparable acrossss{gbgect AL
and Math) or grades (e.g., grade 3 and grade 4). The scores range from 100+EM9 (Par
Proficient), 200-249 (Proficient), and 250-300 (Advanced Proficient). The scores of
students who are included in the Partially Proficient level are considered tmhet e
state minimum of proficiency and those students may be most in need of instructional
support (NJ DOE, 2004; NJ DOE, 2006).

The NJ ASK administered to students in grades 5, 6, and 7 is designed to measure
the same CCCS as the NJ ASK administered to students in grades 3 and 4. The Language
Arts Literacy section of each test measures students’ achievemeadimgrand writing.
Students read passages selected from published books, newspapers, magazines, and
everyday text and respond to related multiple-choice questions, open-ended questions and
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a writing task. The Language Arts Literacy assessment measuree&gevand skills in
the following clusters in grades 3 — 7 (a cluster is a group of related tesbgsestia
single topic): Writing and Reading (Working with Text and Analyzing Tertjrades 3
and 4, the Writing cluster is broken down into two clusters: Writing about Pictures and
Writing about Poems.

The Mathematics section of each test measures students’ ability to sdileso
by applying mathematical concepts. The NJ ASK assesses four CCCS in [sliateem
grades 3 — 7: (1) Number Sense and Numerical Operations (2) Geometry and
Measurement (3) Patterns and Algebra and (4) Data Analysis, Prohaitit{piscrete
Mathematics. A process cluster, Problem Solving, is also provided on score relperts. T
process cluster refers to test questions that measure mathematical golvieg
ability. Each test question on the Mathematics assessment measures enechaster
and may contribute to the process cluster. For grades 5 — 7, each content cluster in
Mathematics contains one of three open-ended items. For grades 3 and 4, each cluster
contains one open-ended item.

The NJ ASK 3 Language Arts Literacy and Mathematics tests adenenistered
to 104,962 total students in grade 3 in spring of 2004. Of the 103,414 grade 3 students
with valid scale scores in Language Arts Literacy, 20.7% scored in thallpar
Proficient range; 75.6% scored in Proficient range and 3.8% scored in Advanced
Proficient range. The mean scale score in the Language Arts Limamnt area was
215.5. Of the 103,559 grade 3 students with valid scores in Mathematics, 23.4% scored in
Partially Proficient range; 53.8% scored in Proficient range and 22.8%gsnore
Advanced Proficient range. The mean scale score in the Mathematics cozdienas
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222.2. For grade 3, the internal reliability coefficient is .84 and .86 for Language Arts
Literacy and Mathematics, respectively. The average standarcemaasurement is
2.28 and 2.45 for Language Arts Literacy and Mathematics, respectivelybiRglend
standard errors of measurement (SEM) for content areas and clusteesi®Bagre
reported in table 3-4 (NJ DOE, 2004).

Table 3-4. Reliability Estimates and Standard Errors of Measurement (BE®Q)ntent
Areas and Clusters for the NJ ASK 3

NJ ASK Test Section Reliability Raw Score SEM
Language Arts Literacy 0.84 2.28
Reading 0.80 1.66
Writing 0.72 1.37
Working with Text 0.70 1.14
Analyzing Text 0.65 1.21
Mathematics 0.86 2.45
Number Sense and Numerical
Operations 0.71 1.10
Geometry and Measurement 0.44 1.37
Patterns and Algebra 0.57 1.28
Data analysis, Probability and
Discrete Math 0.60 1.33
Problem Solving 0.83 2.23

The NJ ASK 5 Language Arts Literacy and Mathematics tests adennistered
to 104,418 total students in grade 5 in spring of 2006. Of the grade 5 students with valid
scale scores in Language Arts Literacy, 14.1% scored in the Paptiafigient range;
76.6% scored in Proficient range and 9.3% scored in Advanced Proficient range. The
mean scale score in the Language Arts Literacy content area was 22(hé gtdde 5
students with valid scores in Mathematics, 18.3% scored in Partially Profiarey«;

54.2% scored in Proficient range and 27.5% scored in Advanced Proficient range. The
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mean scale score in the Mathematics content area was 227.6. For grade Snthle inte
reliability coefficient is .85 and .84 for Language Arts Literacy andhilaatics,
respectively. The average standard error of measurement is 2.28 and 2.91 fogéangua
Arts Literacy and Mathematics, respectively. Reliability and stahelaors of
measurement (SEM) for content areas and clusters for grade 5 atedepdable 3-5

(NJ DOE, 2006).

Table 3-5. Reliability Estimates and Standard Errors of Measuremen{) (BE®bntent
Areas and Clusters for the NJ ASK 5

NJ ASK Test Section Reliability Raw Score SEM
Language Arts Literacy 0.85 2.28
Reading 0.85 2.15
Writing
Working with Text 0.74 1.59
Analyzing Text 0.73 1.46
Mathematics 0.84 291
Number Sense and Numerical
Operations 0.58 1.48
Geometry and Measurement 0.46 1.23
Patterns and Algebra 0.56 1.47
Data analysis, Probability and
Discrete Math 0.62 1.60
Problem Solving 0.83 2.86

The NJ ASK 7 Language Arts Literacy and Mathematics testsadennistered
to 105,518 total students in grade 7 in spring of 2008. Of the 103,995 grade 7 students
with valid scale scores in Language Arts Literacy, 29.6% scored in thallpar
Proficient range; 55.7% scored in Proficient range and 14.7% scored in Advanced
Proficient range. The mean scale score in the Language Arts Litmyatnt area was

215.4. Of the 104,393 grade 7 students with valid scores in Mathematics, 35.7% scored in
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Partially Proficient range; 44.5% scored in Proficient range and 19.8%lsnore
Advanced Proficient range. The mean scale score in the Mathematics coedenas
213.3. For grade 7, the internal reliability coefficient is .89 and .91 for Language Arts
Literacy and Mathematics, respectively. The average standarcbemaasurement is
3.58 and 3.26 for Language Arts Literacy and Mathematics, respectivelarid, Li
personal communication, April 14, 2009).

Procedure

The proposal for this research was sent to the Institutional Review Board (IRB
for approval on February 5, 2008. Exemption from full committee IRB review was
granted on February 15, 2008, as the current study proposed to analyze existing data.
Archived school records for the subjects were examined for their scores©ogh&
and NJ ASK in grades 3 (during the 2004 school year), 5 (during the 2006 school year),
and 7 (during the 2008 school year). Grades from the 2007-2008 school year in academic
subject areas were collected from a file review at the school. Infamfatim school
records was collected on coded forms in an effort to maintain confidentiality.

The researcher created a database of scores that included the threeahtlexe
CogAT: verbal, quantitative, and nonverbal reasoning. The composite score was used as
an overall measure gf Scores from grades 3, 5, and 7 were collected. NJ ASK scores
from grades 3, 5 and 7 in the two content areas, Language Arts Literacy andeviath w
also collected. Proficiency status was designated by one of threegsirRRartially
Proficient, Proficient and Advanced Proficient.

Grades in reading, writing, math, social studies and science were abfiecte
report cards from the last trimester (or third grading period) of severta duaing the
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2007-2008 school year. These subjects were chosen as the academic subjects under
review in this study because they are the core classes that all studeatpiaesl to take.
The target school converts number grades to letter grades as follow®A109; A =
93-96; A- = 90-92; B+ = 87-89; B = 83-86; B- = 80-82; C+ =77-79; C = 73-76; C- = 70-
72; D+ =67-69; D = 63-66; D- = 60-62; F = 59 and below. Letter grades were converted
to a point value system and entered into the database. Specifically, A+ = 4.3; AA= 4.0;
=3.7,B+=33;,B=3.0;B-=2.7,C+=23,;,C=20;C-=1.7;D+ =13, D=1.0; D- =
0.7; F = 0. Other general indicators, such as gender, ethnicity, and speciabaducat
classification were also collected.
Design and Analysis

This study investigated archival data of a select subsample (N = 452) of the 604
seventh grade students enrolled in a large, suburban public school district during the
2007-2008 school year. The current study examined the following questions: (1) What is
the relationship between cognitive ability as measured by the CogAT ahehaca
achievement as measured by NJ ASK test scores in grades 3, 5, and 7? (2) What is the
relationship between cognitive ability as measured by the CogAT in raxleé grade 7
grades? Additionally, what is the relationship between academic achigvasne
measured by NJ ASK test scores in grade 3 and grade 7 grades? (3) Whechivef t
cluster scores on the grade 3 CogAT and NJ ASK (CogAT Verbal, CogAT Ciaeti
CogAT Nonverbal, NJ ASK Language Arts and NJ ASK Mathematics) bestiwedi
achievement in each of the academic subject areas investigated? (4) Cavecalihty
as measured by the CogAT and academic achievement as measured by NStASK te
scores in grade 3 predict special education classification in grade 77?
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In order to answer the first question regarding the relationship betweens®gnit
abilities and academic achievement, Pearson correlations were computeerbet
CogAT and NJ ASK scores by grade. In order to determine if the correlatioveeipe
the NJ ASK and CogAT scores were statistically different from edwdr,atorrelation
coefficients were converted to Fisher’s z scores (Mertler & Vanr@b) and the
significance of the difference between the correlations was testedsiverathe second
guestion, separate Pearson correlation analyses were run. The firgtticoria@halysis
examined the relationship between CogAT scores in grade 3 and grade 7 grades in eac
academic subject area. The second correlation analysis examined tbegieiat
between NJ ASK scores in grade 3 and grade 7 grades in each academi@seadnjéat
order to answer the third question, a full scale multiple regression investigatdd whi
CogAT and/or NJ ASK score(s) in grade 3 had the greatest weight in predicting
achievement in each of the academic subject areas investigated. In @wlevés the
final research question, a separate-sample t-test was computed compamegithe
scores on the NJ ASK Language Arts, NJ ASK Mathematics, CogAT Verbal, CogAT
Quantitative and CogAT Nonverbal scores for classified and non-clasdiitbehss.

Then, a logistic regression was computed for CogAT and NJ ASK scores and special
education classification in order to determine of CogAT and NJ ASK test soayexde

3 could predict special education classification in grade 7.
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CHAPTER 4
RESULTS

The current study analyzed the relationships between cognitive ability and
measures of achievement, specifically, standardized achievement sctites\emv
Jersey Assessment of Skills and Knowledge (NJ ASK) and school gradedatiuns,
multiple regressions and t-tests were conducted in order to identify diasenships.
Four research questions were addressed and the results are presented below.

As an initial analysis, frequency distributions were computed for the demographic
variables. These data are contained in Table 4-1.

Cognitive Ability and Academic Achievement

The first research question asked: What is the relationship between cognitive
ability as measured by the Cognitive Abilities Test (CogAT) and acaderhievement
as measured by NJ ASK test scores in grades 3, 5, and 7? Table 4-2 presentmichea
standard deviations for the NJ ASK Language Arts and Mathematics sodrégea
CogAT Verbal, Quantitative, Nonverbal and Composite scores by grade.

To answer the first research question, Pearson correlations were computed
between CogAT and NJ ASK scores by grade. These correlations are grasdistieles
4-3, 4-4, and 4-5. In order to determine if the correlations between the NJ ASK and
CogAT scores were statistically different from each other, coivalabefficients were
converted to Fisher’s z scores (Mertler & Vannatta, 2005) and the signdicatioe
difference between the correlations was tested. These scores argqutés Tables 4-6,

4-7, 4-8 by grade.
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Table 4-1. Descriptive Statistics for Demographic Variables

N Percent

Gender

Female 223 50.7

Male 229 49.3
Ethnicity

White 400 88.5

Asian 24 5.3

Black 17 3.8

Multi-racial 6 1.3

Hispanic 5 1.1

Economically Disadvantaged
No 439 96.5
Yes 16 3.5
Special Education Classification
No 379 83.8

Yes 73 16.2

While the NJ ASK scores and CogAT scores are significantly correlated w
each other at each grade level, only some scores were statisticaltgrdifrom each
other. In grades 3, 5, and 7, the CogAT Verbal score showed a significantly higher
correlation with the NJ ASK Language Arts score, when compared to the CogAT
Quantitative and Nonverbal scores. Only in grade 7 did the CogAT Quantitative
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Table 4-2. Means and Standard Deviations of NJ ASK and CogAT Scores by Grade

Grade 3

NJ ASK Language Arts
NJ ASK Mathematics
CogAT Verbal

CogAT Quantitative
CogAT Nonverbal

CogAT Composite

Grade 5

NJ ASK Language Arts
NJ ASK Mathematics
CogAT Verbal

CogAT Quantitative
CogAT Nonverbal

CogAT Composite

Grade 7

NJ ASK Language Arts
NJ ASK Mathematics
CogAT Verbal

CogAT Quantitative

CogAT Nonverbal

Range Mean Standard Deviation
172-262 225.91 16.970
157-276 232.26 24.682

75-149 106.57 12.880

74-149 110.83 13.369

74-150 110.02 13.485

74-149 109.94 12.754
174-300 226.14 17.684

154-300 236.02 28.131

73-150 108.28 12.376

79-149 114.14 12.865

72-150 113.54 13.023

76-150 113.09 12.559

152-300 218.40 26.221

134-300 219.67 33.225

77-150 107.04 12.084
71-150 110.31 14.012
69-150 111.30 13.210
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Table 4-2. (continued)

Range Mean Standard Deviation

CogAT Composite 72-148 110.77 12.702

Note N = 452.

Table 4-3. Pearson Correlations between CogAT and NJ ASK Scores Grade 3

CogAT Verbal CogAT Quantitative CogAT Nonverbal
NJ ASK
Language Arts .548** A404** .346**
NJ ASK
Mathematics .581** .595** .594**
Note N = 452.
** p<0.01

Table 4-4. Pearson Correlations between CogAT and NJ ASK Scores Grade 5

CogAT Verbal CogAT Quantitative CogAT Nonverbal
NJ ASK
Language Arts .588** A415%* AT71%*
NJ ASK
Mathematics 597** S572** .599**
Note N = 452.
** p<0.01
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Table 4-5. Pearson Correlations between CogAT and NJ ASK Scores Grade 7

CogAT Verbal CogAT Quantitative CogAT Nonverbal
NJ ASK
Language Arts A25** 524** A97**
NJ ASK
Mathematics .642*%* 751 .B673**
Note N = 452.
* p<0.01

Table 4-6. NJ ASK and CogAT Fisher’s z Scores Grade 3

NJ ASK Language Arts

CogAT Verbal > Quantitative z=2.88*
CogAT Verbal > Nonverbal z=3.76*
CogAT Quantitative > Nonverbal z=0.88

NJ ASK Mathematics

CogAT Verbal < Quantitative z=0.46
CogAT Verbal < Nonverbal z=0.23
CogAT Quantitative > Nonverbal z=0.23

Note In order to be significant, a value of 1.96 is needed.

* p<.05
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Table 4-7. NJ ASK and CogAT Fisher’s z Scores Grade 5

NJ ASK Language Arts

CogAT Verbal > Quantitative z=347*
CogAT Verbal > Nonverbal z=253*
CogAT Quantitative < Nonverbal z=0.94

NJ ASK Mathematics

CogAT Verbal > Quantitative z=0.69
CogAT Verbal < Nonverbal z=0.00
CogAT Quantitative < Nonverbal z=0.69

Note In order to be significant, a value of 1.96 is needed.

* p<.05

score show significantly higher correlations with the NJ ASK Mathematiore, when
compared to the CogAT Verbal and Nonverbal scores. Therefore, in answerimgtthe f
research question, the CogAT Verbal score and the NJ ASK Languageddskowed
significant correlations at grades 3, 5, and 7. Only in grade 7 did the CogAT @uaamtit
score and the NJ ASK Mathematics show significant correlations.
Cognitive Ability and Grades

The second research question asked: What is the relationship between cognitive
ability as measured by the CogAT in grade 3 and grade 7 grades? Tablesérgtiee
means and standard deviations of grade 7 grades. To answer the second research
guestion, Pearson correlations were computed between CogAT scores in grade 3 and
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Table 4-8. NJ ASK and CogAT Fisher’s z Scores Grade 7

NJ ASK Language Arts
CogAT Verbal > Quantitative
CogAT Verbal > Nonverbal
CogAT Quantitative > Nonverbal
NJ ASK Mathematics
CogAT Verbal < Quantitative
CogAT Verbal < Nonverbal

CogAT Quantitative > Nonverbal

z=532"*

z=5.72"%

z=041

z=3.24*

z=0.79

z=245"*

Note In order to be significant, a value of 1.96 is needed.

* p<.05

Table 4-9. Means and Standard Deviations of Grade 7 Grades

Standard Deviation

Range Mean
Reading 0-4.3 3.04
Writing 0-4.3 3.24
Math 0-4.3 3.17
Science 0-4.3 3.34
Social Studies 0-4.3 3.35

.87

g1

.87

.85

91

Note N = 452.

Grades were based on a 4 point scale with A+ =4.3, A=4.0, A- = 3.7, etc.
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grade 7 grades. These correlations are presented in Table 4-10. As evidenbégl4a Ta
10, all correlations were statistically significant.

Table 4-10. Pearson Correlations between CogAT Scores in Grade 3 and Grade 7

Grades
Reading Writing Math Science Social
Studies
CogAT Verbal .325** .287** 317 372*%* .350**
CogAT Quantitative .285** .215%* .284** .354** .300**
CogAT Nonverbal  .316** .278*%* .354** .376** .318**
Note N = 452.

** 1 <0.01

The CogAT Verbal and Quantitative scores showed the same pattern of
correlations, from highest to lowest: science, social studies, reading, mathitamgl w
The CogAT Nonverbal correlation pattern differed slightly, with sciencelading the
highest followed by math, social studies, reading and writing. Therefore, iangw
second research question, third grade cognitive ability was significanrtiglated with
grade 7 grades in each academic area studied.

Academic Achievement and Grades

A follow-up to the second research question asked: What is the relationship

between academic achievement as measured by the NJ ASK testrsgpaeei3 and

grade 7 grades? To answer this question, Pearson correlations were compuged betw
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NJ ASK scores in grade 3 and grade 7 grades. These correlations are preskaiés |

4-11.
Table 4-11. Pearson Correlations between NJ ASK Scores in Grade 3 and Grade 7
Grades
Reading Writing Math Science Social
Studies

NJ ASK
Language Arts A25** A403** .328** .390** .398**
NJ ASK
Mathematics 415*%* .366** 450*%* A464** 451
Note N = 452.
** p<0.01

As shown in Table 4-11, all correlations were statistically significam. NJ
ASK Language Arts score correlated the highest with grades in re&aliogved by
writing, social studies, science and math. The NJ ASK Mathematics calreate
highest with grades in science, followed by social studies, math, readihgriéing.
Therefore, in answering the second research question, third grade achievemssnt sc
were significantly correlated with grade 7 grades in each acadesaistadied.
Cognitive Ability, Academic Achievement, and Predicted Achievement

The third research question asked: Which of the five cluster scores on the grade 3
CogAT and NJ ASK (CogAT Verbal, CogAT Quantitative, CogAT Nonverbal, NJ ASK
Language Arts and NJ ASK Mathematics) best predicts achievementiofghe
academic subject areas investigated? The results of a full-scailelem@gression are

presented in Table 4-12.
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Table 4-12. Full Scale Multiple Regression for CogAT and NJ ASK Scores and
Academic Grades — Beta Weights

Reading Writing Math Science Social
Studies

NJ ASK
Language Arts 271 .294* .075 144> A172*
NJ ASK
Mathematics .168* 141* .328* .233* .265*
CogAT
Verbal .020 .009 .030 .070 .067
CogAT
Quantitative -.007 -.076 -.049 .047 -.002
CogAT
Nonverbal 116* .136* 147 .120* .066
R A76 440 469 502 482
R Square 226 194 .220 252 232
Adj. R Square 217 .185 211 244 223
Sig of R .000 .000 .000 .000 .000
* p<.05

As evidenced in Table 4-12, the full scale multiple regressions indicated that the
NJ ASK Language Arts score was the best predictor of achievement in raading
writing. Further, the NJ ASK Mathematics score was the best predicchm@vement in
math, science and social studies. In combination, the best predictors o7 geading,
writing and science grades were the NJ ASK Language Arts, Matlvsraati CogAT
Nonverbal scores in grade 3. In regards to grade 7 math grades, the besirprealict
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combination, were NJ ASK Mathematics and CogAT Nonverbal scores. Finallygeshe
predictors of grade 7 social studies grades were the NJ ASK Languagadérts
Mathematics scores.

Cognitive Ability, Academic Achievement, and Special Education Classification

The fourth research question asked: Can cognitive ability as measured by the
CogAT and academic achievement as measured by NJ ASK test scorei3 giredict
special education classification in grade 7? Of the 452 study participants, 83.8% (N =
379) were not classified as special education students; 16.2% (N = 73) had a special
education classification in seventh grade. Table 4-13 presents the meatasdadis
deviations for NJ ASK Language Arts, Mathematics, CogAT Verbal, CogAT
Quantitative and CogAT Nonverbal scores by special education classification. A
separate-sample t—test was computed comparing the mean scores on the NJ ASK
Language Arts, NJ ASK Mathematics, CogAT Verbal, CogAT Quantitative agdT
Nonverbal scores for classified and non-classified students in order to idetérthere
was a significant difference in scores between students with and withouial spec
education classification. The results of this analysis are also containellénd¥3.

As evidenced from Table 4-13, the means between students with and without a
special education classification, for all scores, were significanfigrdiit. Stated
differently, all variables differentiated between special educatassitication.

In order to determine if CogAT and NJ ASK test scores in grade 3 couldtpredic

special education classification in grade 7, a logistic regression wasitzhfor CogAT
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Table 4-13. Means, Standard Deviations and Comparisons of Means by t-tests for NJ
ASK Language Arts, NJ ASK Mathematics, CogAT Verbal, CogAT
Quantitative and CogAT Nonverbal Scores by Special Education
Classification

Special Mean Standard t-test
Education Deviation
NJ ASK No 229.23 14.791 10.57 **
Language Arts Yes 208.68 17.215
NJ ASK No 236.91 21.490 10.10 **
Mathematics Yes 208.11 26.196
CogAT No 108.51 12.427 7.76 **
Verbal Yes 96.49 10.274
CogAT No 112.40 12.839 5.87 **
Quantitative Yes 102.71 13.206
CogAT No 111.19 12.957 4.27 **
Nonverbal Yes 103.97 14.611

** p<.001

and NJ ASK scores and special education classification. These resulisoated e
Table 4-14.

As evidenced in Table 4-14, when all variables were combined, only NJ ASK
Language Arts, NJ ASK Mathematics and CogAT Verbal scores remasrn&dnificant.
Stated differently, third grade NJ ASK Language Arts, NJ ASK Mathematid CogAT
Verbal scores were the best predictors of special education claasificegrade 7,

accounting for a combined 22% of the variance. Table 4-15 shows the prediction results.
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Table 4-14. Logistic Regression for CogAT and NJ ASK Scores and Specialtigduc
Classification

B Wald Statistic Significance
NJ ASK
Language Arts -.041 14.02 .000**
NJ ASK
Mathematics -.029 11.30 .001**
CogAT
Verbal -.045 6.82 .009**
CogAT
Quantitative -.006 0.14 .706
CogAT
Nonverbal .031 3.42 .064
** p<.01

Table 4-15. Prediction Results for Special Education Classification

Observed Predicted Not Classified Predicted Classified
Table 4-15 (continued).
Not Classified 368 11

Classified 49 24

The prediction table shows that 368 of the 379 (97%) non-classified students were
correctly predicted as non-classified students. In contrast, of the 73 sturteatly a
classified as special education in seventh grade, only 33% (N = 24) of those students
were correctly predicted as special education students. Stated diffettemntinalysis was
successful in predicting students who were not classified as special eduwgt 97%
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of non-special education students predicted as such. However, the analysis was not
successful in predicting special education classification, with only 33% obépeci
education students predicted as such. In other words, the probability of correctly
identifying a student as special education is low (33%), while the probaijikityrrectly

identifying a student as not special education is high (97%).
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CHAPTER 5
DISCUSSION

This study was designed to investigate the relationship betweenive gttty
and measures of achievement, specifically, standardized achievement scordsew the
Jersey Assessment of Skills and Knowledge (NJ ASK) and school gradegsefdtarke
in this field indicated that cognitive ability correlates with standardizetegement
measures of reading (e.g., Evans et al., 2002; Flanagan et al., 2002; McGrew, 1993) and
mathematics (e.g., Floyd, Evans, & McGrew, 2003; McGrew & Flanagan, 1998).
However, a paucity of research exists regarding the relationship lpetogeitive ability
or achievement test results and non-standardized measures of academaEnaehi such
as grades in particular subject areas. Furthermore, research has nigateckthe
relationship between cognitive scores on the CogAT, academic scores on the NJ ASK
and special education classification. Therefore, this study intended to answer four
research questions: (1) What is the relationship between cognitive abifitgasured by
the CogAT and academic achievement as measured by NJ ASK test scoagem3yb,
and 7? (2) What is the relationship between cognitive ability as measureel GggAT
in grade 3 and grade 7 grades? Additionally, what is the relationship betweemiacade
achievement as measured by NJ ASK test scores in grade 3 and grade 7(8)yades?
Which of the five cluster scores on the grade 3 CogAT and NJ ASK (CogAT Verbal,
CogAT Quantitative, CogAT Nonverbal, NJ ASK Language Arts and NJ ASK
Mathematics) best predicts achievement in each of the academic sulgsct are

investigated? (4) Can cognitive ability as measured by the CogAT and academi
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achievement as measured by NJ ASK test scores in grade 3 predict speaiabeduc
classification in grade 77?
(1) Cognitive Ability and Academic Achievement

Pearson correlations showed that CogAT scores and NJ ASK scores were
significantly correlated with each other at each grade level. Thamgstent with
previous research demonstrating that tests of intelligence represbesth@edictor of
achievement in relation to other indices, with correlations between IQ scores and
achievement test scores averaging about r = .40 to r = .50 (Sternberg, iiogd&re
Bundy, 2001). However, upon further analysis, only some scores were statistically
different from each other when the difference between the correlationssted. tin
grades 3, 5, and 7, the CogAT Verbal score showed a significantly highertocamrela
with the NJ ASK Language Arts score, when compared to the CogAT Quastsatil
Nonverbal scores. The results support the author’s hypothesis as well as esgartt,
as cognitive measures of crystallized knowledge (&so termed ‘verbal reasoning’)
have shown differential validity with standardized measures of readmgEeans et al.,
2002; Flanagan et al., 2002; Lohman & Hagen, 2002; McGrew, 1993) and writing
(McGrew and Knopik, 1993). This finding fits with the knowledge we have regarding
what crystallized ability measures: This ability measures a perase of verbal skills
and their understanding of language development that is generally learnedh throug
classroom and cultural experiences. Since the Language Arts section of th&NJ AS
focuses on word meanings and analogies, it is logical that CogAT Verba suadled
on the NJ ASK Language Arts scores more than the other CogAT abilities. Baibsabil
stem largely from the acquisition of declarative and procedural knowledgkeFune
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of the narrow abilities under crystallized intelligence is definedeaschl Knowledge,
which is related to vocabulary development (McGrew & Flanagan, 1998). It alss se
logical that prior exposure to the culture and language of the test should be oftbenefit
the test taker when attempting to garner understanding from a reading pas$efgesor
vocabulary (Vanderwood et al. 2002).

Only in grade 7 did the CogAT Quantitative score show significantly higher
correlations with the NJ ASK Mathematics score, when compared to the CogyhalVv
and Nonverbal scores. While this finding only occurred in grade 7, it is as expsacted, a
cognitive measures of fluid reasoning)@.g., Floyd, Evans & McGrew, 2003;
McGrew & Flanagan, 1998) and more specifically, quantitative reasoning, ihawe s
differential validity with standardized measures of mathematics (Lohg2@03b). While
inductive and deductive reasoning are generally considered to be the hallmawk nar
ability indicators of fluid reasoning,f@lso subsumes more specific types of reasoning,
most notably quantitative reasoning (RQ). In fact, Carroll's (1993) asaysl
comprehensive review of human cognitive abilities indicated that quantitesisening
abilities could be included under the stratum Il ability, Fluid Intelligencen@ative
reasoning is directly related to formal instruction and classroom relgpedexces. The
correlation between the CogAT Quantitative and the NJ ASK Mathemetios s
supports Flanagan et al.’s (2002) explanation that RQ can be seen as a measure of
learning, and in fact, subtests that measure mathematics reasoning on aafumber
achievement tests appear to directly measure RQ. At the very leasteser®s a good
example of one of those abilities that is often measured by both cognitive and
achievement tests.
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(2) Cognitive Ability and Grades

Pearson correlations found that significant relationships existed betweait Cog
scores in grade 3 and grade 7 grades in all academic subject areas tedeSttya
CogAT Verbal and Quantitative scores showed the same pattern of congl&tom
highest to lowest: (1) science, (2) social studies, (3) reading, (4) math amati(%).
While the order of correlations was not exactly as predicted for the Cugidal score,
it is understandable that science and social studies grades showed the highest
correlations, since knowledge of the principles of science and social stugireaeily
on learned, factual information as well as the breadth and depth of a person’dacquire
knowledge base (i.e., crystallized knowledge or verbal reasoning ability). i antleeof
the narrow abilities subsumed under crystallized knowledge is defined asiGenera
Science Information, which is one’s range of scientific knowledge. Also, since
crystallized knowledge subsumes narrow cognitive abilities associatetistening and
speaking, the relations between the CogAT Verbal score and science andsdiesal s
grades may be due to the influence of language-based cognitive processes on
performance (McGrew & Flanagan, 1998). A further explanation for thisoetip is
connected to the curriculum, instruction and assessment methods within thedafistrict
study. As outlined in the New Jersey social studies and science core currioaligmt
standards, teaching and learning activities heavily rely on skills in the @frestening,
speaking, reading, and written expression, all of which are consumed under the broad
area of crystallized knowledge.

It is surprising that the CogAT Verbal score did not show stronger cooresati
with grades in reading and writing, particularly given the present stuelytdts
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indicating correlations between the CogAT Verbal score and the NJ ASKiagadrts

score, since both the NJ ASK Language Arts and grades in reading and argting

measures of reading and writing achievement. In addition, literaturenked li

crystallized ability to measures of reading (e.g., Evans et al., 2002g&laegal., 2002;
Lohman & Hagen, 2002; McGrew, 1993) and writing (McGrew & Knopik, 1993). This
underscores an important point that successful school learning depends on many persona
characteristics other than cognitive ability, such as persistencesinteschool and
willingness to study. The encouragement for academic achievement #aived from

peers, family and teachers may also be important, together with moralgrrtterral

factors (Neisser et al., 1996).

The order of correlations was not exactly as predicted for the CogAT Catiasti
score. While the CogAT Quantitative score best predicted grades inesataac
surprising that math grades were among the weaker correlations, palisuice
research has shown that subtests that measure mathematics reasoning om afnumbe
achievement tests appear to directly measure quantitative reasoamagd et al.,
2002). In fact, the CogAT Nonverbal score matched the predicted pattern of correlations
for CogAT Quantitative score, with grades in science showing the highestation,
followed by math, social studies, reading and writing. Further, the cooredatetween
the CogAT Nonverbal score and grades in math and science were stronger, when
compared to the correlations between the CogAT Quantitative score ansl igratsh
and science. A potential explanation for this finding may be related to theistratthe
CogAT. The CogAT Nonverbal battery purports to measure inductive reasonisg skill
using figural tasks, such as figures, designs, or geometric shapes as Btimelof the
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subtests on this battery require reading or the use of English. None requirernpnalr f
conceptual or factual knowledge, since all of the information needed to answen an ite
correctly is embedded in the item itself. By definition, the CogAT Nonvéxéry
appears to be a direct measure of fluid reasoning skills or fluid intelligéluie
intelligence refers to mental operations that an individual uses when fabeehatively
novel tasks that cannot be performed automatically. These mental operatjoinslode
forming and recognizing concepts, perceiving relationships among patternsgdraw
inferences, comprehending implications, problem solving, extrapolating, and
reorganizing or transforming information. Fluid intelligence also incltidesarrow
cognitive abilities of inductive and deductive reasoning. Based on what is repotied i
literature regarding the strong relationship between fluid reasoning ahdmedtcs
achievement (e.g., Floyd, Evans & McGrew, 2003; McGrew & Flanagan, 1998), the
correlation between the CogAT Nonverbal battery and grades in math endesis
logical.

It is important to understand the difference between tHe@and @. Gq
represents an individual’s store of acquired mathematical knowledge, while RQ
represents the ability to reason inductively and deductively when solving queatitati
problems. @ would be evident when a task requires mathematical skills and general
mathematical knowledge (e.g., knowing what the square root symbol means). RQ woul
be required to solve for a missing number in a number series task (e.g., 24 6 __ ). In sum,
the CogAT Nonverbal battery appears to be a better measure of the Quantitat
Reasoning (RQ) ability that is subsumed Wy &her than the broad ability of
Quantitative Knowledge (6.
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(2) Academic Achievement and Grades

Pearson correlations found that significant relationships existed betwe&BKNJ
scores in grade 3 and grade 7 grades in all academic subject areas tedeSttygaNJ
ASK Language Arts score correlated the highest with grades in re&aliogved by
writing, social studies, science and math. This is not surprising, considering that
achievement measures are related to crystallized abilities @ic&~lanagan, 1998),
acquired knowledge (Kamphaus, 1993) and the narrower abilities associated with
listening, speaking, and vocabulary development, abilities inseparable fromuysrevi
experience and education. The NJ ASK Mathematics test correlated the highest
grades in science, followed by social studies, math, reading, and writingoifakitons
between the NJ ASK Mathematics score and grades in science and maghcatesince
both have strong foundations in mathematic concepts and formulas. While the correlation
between the NJ ASK Mathematics score and grades in social studiesg readliwriting
is less clear, all are measures of academic performance which ratyilan siental
operations, including inductive and deductive reasoning as well as forming and
recognizing concepts, perceiving relationships among patterns, drawirencésy
comprehending implications, problem solving, extrapolating, and reorganizing or
transforming information. Further, all demand skills in the areas of reading
comprehension, written output, oral language and listening comprehension.

These findings have important implications. While research concludes that
achievement test results are generally good predictors of grade poigesvieraigh
school and college samples (i.e., Kuncel, Hezlett & Ones, 2001, 2004), few research
studies have looked at the relationship between standardized achievement and actual
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grades earned in specific subject areas. The results of this study itldatatehievement
test results in grade 3 are good predictors of grade 7 grades in readimgj, \wréth,
science and social studies, providing empirical support for this seemingly obvious
relationship.
(3) Cognitive Ability, Academic Achievement, and Predicted Achievement

As predicted, the NJ ASK Language Arts score was the best predictor of
achievement in reading and writing, when compared to the CogAT Verbal, CogAT
Quantitative, CogAT Nonverbal and NJ ASK Mathematics scores. The NJ ASK
Language Arts section measures students’ achievement in readingitamgl Students
read passages selected from published books, newspapers, magazine and everyday tes
and response to related multiple-choice questions, open-ended questions and a writing
task. It is logical that standardized measures of reading and writingredgtt actual
achievement of reading and writing (i.e., grades). Further, the NJ ASK Mdibema
score was the best predictor of achievement in math and science. Since the NJ ASK
Mathematics section measures students’ ability to solve problems byrapplyi
mathematical concepts, it is logical that that standardized measuresefmatits best
predicts actual achievement in math and science. The best predictor géawmein
social studies was the NJ ASK Mathematics score, which is unexpected. ltoorder
understand this finding, the author investigated the possibility of gender diffemnces
the NJ ASK Mathematics score. However, the mean scale scores wegnifmasitly
different (female mean score = 232.8; male mean score = 231.7). While it iariaste
why the NJ ASK Mathematics score best predicts achievement in sociakstie
correlation (and explanation) is similar to the significant relationship founebatthe
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NJ ASK Mathematics score and social studies grades addressed in the secamd afuest
this study. At the very least, both are measures of academic performaobeeijion

similar mental operations, including forming and recognizing concepts, yarcei
relationships among patterns, drawing inferences, comprehending implicptimiem
solving, extrapolating, and reorganizing or transforming information. Fuitbéh

demand skills in the areas of reading comprehension, written output, oral language and
listening comprehension.

It is interesting to note that achievement scores, rather than cogbilitye a
scores, were the best predictors of actual grades received. Again, thicoretetise
important point that above average cognitive ability may not always cerweldt higher
grades in specific academic subjects, as many other factors appear to ipt@pdant
role in determining grades rather than ability alone.

(4) Cognitive Ability, Academic Achievement and Special Education Classification

Results showed that third grade NJ ASK Language Arts, NJ ASK Mathematics
and CogAT Verbal scores were the best predictors of special educatsificgtien in
grade 7, accounting for a combined 22% of the variance. This finding is not surprising, as
students with a special education classification often present with acadigfioits in the
areas of reading and mathematics due to the impact of various disabilitissamgder
classification (i.e., specific learning disability, other health impantpand cognitive
impairment). When children experience persistent learning difficultiesraing
disability is often suspected and a referral for a special education ewalisatiequently

made. As such, scores on academic measures of reading, writing and math (i®K NJ A
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Language Arts and Mathematics scores) tend to be lower among thé sgecation
population in general.

What other factors account for the remaining 78% of the variance in special
education prediction? It can be hypothesized that many personal charastetisr than
cognitive and academic ability, including social, emotional and behavioraldoimg}
play an important role in determining success in school. Such factors may include
persistence, motivation, self-esteem, interest in school, work habits, orgarakakills,
study skills, interpersonal relations, attentional levels, activity $eaelaptability,
anxiety, or depression. The encouragement for achievement that is receiveddrsm pe
family and teachers may also be important, together with more gene¢uahttactors.

In regards to sensitivity and specificity, the probability of correctlytifieng a
student as special education is low, while the probability of correctly idewtidystudent
as not special education is high. This is not surprising, since the non-specialogducati
group is much larger than the special education group, making prediction easi@arand m
accurate. For example, while 368 of the 379 non-classified students (97.1%) were
correctly predicted as such, only 33% (N = 24) of the 73 students actually ethssifi
special education in seventh grade were correctly predicted. In orderdasache
prediction accuracy of special education classification, screeningsialf meotional,
behavioral and adaptive functioning should be added to previously existing cognitive and
academic measures collected in third grade. Once problem areas aredjentif
interventions targeting problem areas should be implemented, ideally throegtda ti
system.

Limitations
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The most significant limitation to this study is the demographics of the sampl
The participants in this study consisted of a subsample (N = 452) of the 604 seventh
grade students enrolled in a large, suburban public school district in the northeastern
United States. The sample was composed of a high percentage of white (89%) males
(51%) and females (49%) from non-disadvantaged backgrounds (only 3.5% qualified for
free/reduced lunch). Since participants were selected based on the awadatakst
scores from two group-administered tests over a period of five years, only those
participants for whom all six scores were available were included in thesisn@ =
452). Therefore, 25% (N = 152) of the population was not included. Of the 152
participants not included in the study, demographics statistics were: 53%¢,fdi#td
male; 67% White, 11% Black, 11% unknown, 8% Asian, 3% Hispanic; 82% Not
economically disadvantaged, 10% economically disadvantaged, 8% unknown; 70% not
classified as special education, 29% with a special education classificatiuah
comparison made between included and excluded students indicated that the excluded
population has a higher percentage of students that are (1) minority, (2) ealyomic
disadvantaged, and (3) classified as special education. It is hypothesizech#jatity
of these students had either moved into or out of the district over the five year period. A
smaller percentage of the excluded students were either absent on thehaapsif t
and/or retest or did not take the test for other reasons, such as exemption due to severity
of disability, which is related to special education classification. felstudents had had
a full set of scores, the results may have been different and thus more gehleralue
to a more diverse population in regards to ethnicity, economic status, and special
education classification.
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The district's mean scores on the NJ ASK in grades 3, 5 and 7 as well as the
percentage of students in the proficient and advanced proficient ranges vineretHaap
the state means. For example, to compare the entire state of New Jénsegirict (in
parentheses), on the NJ ASK 3 Language Arts test, 20.7% (7.5%) scored in tlig Partia
Proficient range; 75.6% (87.4%) scored in Proficient range and 3.8% (5.1%) scored in
Advanced Proficient range. The mean scale score in the Languadetéudsy content
area was 215.5 (225.91). For the NJ ASK 3 Mathematics test, 23.4% (10.8%) scored in
Partially Proficient range; 53.8% (60.6%) scored in Proficient range and 22858%6)
scored in Advanced Proficient range. The mean scale score in the Matheoatscg
area was 222.2 (232.26). While the pattern of correlations may be generalizablatat
limit the degree to which the statistics can be applied to all school @istitbin the
state. See Appendix A for a comparison of state versus district scorasl@s & and 7.

Additionally, the students in this sample were somewhat above average in abilit
on the CogAT, with CogAT Composite scores ranging from 109.94 — 113.09 across the
three grades. In grades 3 and 7, 96% of the students scored in the Average to Very High
ranges on the CogAT Composite score. In grade 5, 97% of the students scored in the
Average to Very High ranges on the CogAT Composite score. Again, these datadimi
degree to which the results can be generalized beyond local norms.

A final limitation is that determination of special education status was ivased
on grade 7 classification. Indication of special education classificateachtgrade level
would have been preferred. Because declassification from special edusa#ion) the
probability of being classified in both third and seventh grade is high, which may have
impacted the results of the analyses for the fourth research question.
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Implications for Future Research

Future research could investigate the longitudinal relationship between the NJ
ASK, CogAT and grades in middle school and outcome data in high school, such as high
school grade point average, Scholastic Ability Test scores (SAT), scogeaduation
exams, such as the High School Proficiency Assessment (HSPA) in New deds
graduation rates. Since public officials and educational administratorscegasingly
calling for the use of tests to make high-stakes decisions, such as whsitiaera will
move on to the next grade level or receive a diploma, further research in éht®ale
identify students who score poorly on such tests and are in need of remedial s¢rices
much earlier age. Additionally, any decision about a student’s continued education, suc
as retention, tracking, or graduation, should not be based on the results of a single test,
but should include other relevant and valid information. Further research in this area
would provide information to assist in making decisions about a student’s education by
relying on multiple sources of data. Utilizing a more diverse sample, suchrgea |
sample of students nationally, would increase the generalizability ofshksreather
than limiting them to the local level, as was the case with the current study.

Another limitation of the current study was the collection of grades earned at the
end of grade 7 only. Future research should look at the relationship between cognitive
ability, standardized achievement and grades at each grade level. For exiaenple
correlation between the grade 3 CogAT Verbal score and grade 7 readingvgmades
=.33. When the correlation between the grade 7 CogAT Verbal score and grade 7 reading
grades was conducteds .58. It can be hypothesized that the best predictor of grades
would be cognitive and achievement test scores administered during the sani@igea
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information would be particularly useful at the early grades, where impodacatonal
decisions, such as programming and even referral for special education, catebe m
earlier. Instead of waiting for students to fall so far behind that their peafare
gualifies them for special education, resources can be expended early, whemsgraia
less intense, in the hope of remediating the problems prior to their escalation.

A final limitation is related to the cognitive measure used in this study. A
drawback of the CogAT is that it was not designed to measure important cogaatves f
shown in the literature to be correlated with academic achievement, other tban flui
reasoning and crystallized intelligence. For example, under the broad\wagbility
area of auditory processing &}; researchers have identified critical indicators that can
be used to screen students for academic problems early, particularly in thefarea
reading, such as phonemic awareness skills. The National Reading Panel @&@80) st
that in order to improve early reading skills, schools must incorporate the faksent
components of reading instruction,” defined as “explicit and systematic istrirc (a)
phonemic awareness; (b) phonics; (c) vocabulary development; (d) reading fluency,
including oral reading skills; and (e) reading comprehension strategaésr{tl Reading
Panel, 2000). One method of gathering more cognitive data regarding auditogsprgce
skills would be the screening of these critical basic academic skills. diilc lse done
through a tiered system and combined with previously collected data, such as tAe CogA
and NJ ASK scores and grades, in order to identify those students who may need

additional assessments and potentially additional services within a tistethsy

Implications for Practice
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The fourth research question was a preliminary investigation into the reffations
between cognitive ability as measured by the CogAT and academic acerg\asn
measured by NJ ASK test scores and special education classificatias.thev
investigator’s hope that, by attempting to understand this relationship, group-
administered cognitive and achievement scores could be added to the multiple data
sources available to intervention committees when determining appropriaténess
referral for a more comprehensive evaluation in order to determine sphgatien
eligibility. While the current study suggests that group-administestsl ¢an be used to
estimate future cognitive and academic ability, as well as gradéstesiis are poor
predictors of special education classification in later grddeally, one would rather
identify a higher percentage of students at-risk for academic failucdtimgsn a higher
rate of false negatives (identifying a student as not needing specialiedseavices,
when in reality, they do) compared to false positives (identifying a studeeedsg
special education, when in reality, they do not). The reverse was true in the prebent st

The results of this study support the utilization of test scores in third gsaade a
screener to identify those children who may be at-risk for academic f&lcneening
practices for education have received considerable press with the aceegtegsponse-
to-intervention (RTI) practices in the 2004 reauthorization of the Individuals with
Disabilities Education Act. The importance of screening is that students whbréale
for academic failure can be identified early and proactively. This draatigtimproves
the chances for successful academic outcomes for students over the tladéibta

fail process.
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In the present study, on the NJ ASK 3 Language Arts test, 7.5% of students fell
into the partially proficient range. For the NJ ASK 3 Mathematics test, 10.8%dsicor
partially proficient range. One fundamental assumption underlying the Na IGHtl
Behind Act is that all students will be proficient in basic academic skibsliftlg and
mathematics) by the school year 2013-2014. In other words, the expectation is that al
students will perform to at least a basic level of proficiency. The nextsstemelp
schools understand, with data, why their students are not proficient and what to do about
it.

For example, to achieve this level of proficiency in the area of reading, it is
expected that curriculum and instruction will flex and be varied based on student need.
NCLB suggests that schools are to use scientific research-basedesrdtinstruction
efforts occur early and are systemic, a significant number of students auitd be
considered at risk for identification of reading disability can catch up togree-level
peers (Torgesen, 2000). Explicit and systemic instruction is a critatalréein the
prevention of reading difficulties and holds the most power for preventing and
remediating reading problems when combined with research-based reaaitcegr

By combining early screening methods within a tiered system with expittit a
systematic instruction, the expectation that all students will performéastta basic
level of proficiency may seem more realistic. This study indicatesatioaiy with the
collection of other academic and social/emotional/behavioral indicators,-group
administered cognitive and academic scores are useful information toumechah early

screening methods.
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Table A-1

ADDITIONAL RESULTS TABLES

APPENDIX A

Percentage of Students in Each Proficient Category by Language ArtsiCarga and

Grade Level — State and Target School District (District)

LAL3 LALS LAL7

State District State District State District
AP 3.8 5.1 9.3 115 147 11.7
P 75.6 87.4 76.6 83.8 55.7 655
PP 20.7 7.5 141 4.6 29.6 228
Mean 2155 2259 220.1 226.1 215.4 218.4
Table A-2

Percentage of Students in Each Proficient Category by Mathematicadd&arade
Level — State and Target School District (District)

AP

PP

Mean

Math3

State

22.8

53.8

23.4

222.2

District
28.5
60.6
10.8

232.3

Math5

State District
275 319
54.2 59.3
18.3 8.8

227.6 236.0

Math7

State District

19.8 20.8
445 51.3
35.7 27.9
213.3 219.7
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