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ABSTRACT 

 Few studies have looked at the relationships between broad and narrow cognitive 

abilities and mathematics achievement within a sample of students with specific learning 

disability (SLD).  Empirical links between cognition and mathematics abilities must be 

identified to improve the ability of professionals such as Educational Diagnosticians and 

School Psychologists in order to accurately identify students with mathematics learning 

disability. This study examined the relationships between the broad and narrow cognitive 

abilities of Crystallized-Intelligence (Gc) and Long-term Storage and Retrieval (Glr) and 

mathematics achievement within a sample of students with SLD at age 9-15 years.   

This study also examined the relationships between math calculation skills and 

math reasoning.  Instruments include the Woodcock-Johnson III Tests of Cognitive 

Abilities and Tests of Achievement.  Participant data were split into the two special 

education math eligibility areas, Math Calculation Skills (n = 90) and Math Reasoning (n 

= 96).  The data were also split into two age groups, 9-12 and 13-15 years to determine if 

a developmental component exists between the selected broad and narrow abilities and 

mathematics achievement.  Cognitive and achievement data were then used to determine 

the existence of statistically significant relationships between cognition and mathematics 

achievement.  Correlation analysis found no statistical significance between the broad 

cognitive abilities of Gc and Glr and mathematics achievement.  Math Reasoning and the 

narrow cognitive ability of Ideational Fluency (FI) were related among all participants 

and at age 9-12 and 13-15.  A positive relationship between Lexical Knowledge (VL) and 

Math Calculation Skills at age 9-12 and a negative relationship between Lexical 

Knowledge (VL) and Math Calculation Skills at age 13-15 were revealed.  Correlation 
vi 
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analysis also found that Math Calculation Skills was a statistically significant predictor of 

Math Reasoning among all participants and at age 9-12 and 13-15 years.       
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CHAPTER 1 

INTRODUCTION 

 Research has identified relationships between math achievement and the Cattell-

Horn-Carroll (CHC) broad abilities of cognition; Comprehension-Knowledge (Gc), Fluid 

Reasoning (Gf), Short-term Memory (Gsm), and Processing Speed (Gs) (Evans, Floyd, 

McGrew, & Leforgee, 2002; Flanagan, Ortiz, Alfonso, & Mascolo, 2006; McGrew & 

Wendling, 2010; Proctor, 20 12;).  According to McGrew and Wendling (2010), when 

considering cognitive and academic interventions based on cognitive deficits focus 

should be placed at the narrow level of cognitive functioning.  In doing so understanding 

of the relationships between cognitive processes and achievement become clear and the 

investigation of why some children struggle with mathematics when others do not can be 

answered. 

Context 

Math Calculation Skills 

 Math Calculation Skills include procedures or a set of operations or actions that 

are used to achieve some goal (Anderson, 1993).  Math Calculations requires individuals 

to demonstrate procedural knowledge and perform a series of actions to reach a solution.  

For this study, Math Calculation Skills involves the ability to solve addition, subtraction, 

and multiplication equations with automaticity under time constraints as well as the 

ability to perform calculations involving addition, subtraction, multiplication, division, 

negative numbers, percents, decimals, fractions, and whole numbers without time 

constraints (Mather & Woodcock, 2001).  These skills do not require decisions regarding 

operation selection.  

1 
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Math Reasoning  

 Math Reasoning, also referred to as Math Problem Solving, has been placed in the 

category of procedural knowledge in which knowledge of procedures and strategies are 

required to derive a solution.  Math Reasoning also requires knowledge of number-

specific algorithms and heuristics (Byrnes, 2001).  For this study, Math Reasoning will 

encompass mathematical knowledge and reasoning such as problem solving, analysis, 

reasoning, and vocabulary (Mather & Woodcock, 2001).  Students with learning 

disabilities in mathematics problem solving struggle to recognize the procedure needed to 

solve the problem and many students are not able to determine extraneous information 

from information that is needed to solve the problem.  Lastly, many students with deficits 

in this area are not able to recognize patterns in mathematics, a foundational skill needed 

for success.  As a result of these deficits, frustration, deflated self-esteem, and decreased 

self-efficacy are experienced by students every day in school, at home, and in life.   

Achievement and Intelligence  

 “One of the central purposes of intelligence testing, dating back to Alfred Binet, is 

to predict educational achievement” (Binet & Simon, 1916).  Research has demonstrated 

a moderate to strong connection between general intelligence and grades made in school 

ranging from 0.40 to 0.70 (Mackintosh, 1998).  Mackintosh (1998) also noted that the 

relationships between academics and intelligence is typically higher when using 

standardized achievement test scores versus looking at grades in school due to the 

variables introduced when looking at the school setting; curriculum, effort, and teacher 

competency.  Standardized tests, on the other hand, remove confounding variables such 

as teacher grading styles and perceptions.  

2 
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 Kaufman, Reynolds, Liu, Kaufman, and McGrew (2012) completed a study that 

explored the relationships between intelligence and achievement using standardized tests.  

The study compared COG-g (Fluid Intelligence (Gf), Crystallized Intelligence (Gc), 

Long-term Storage and Retrieval (Glr), Auditory Processing (Ga), Visual Processing 

(Gv), Short-term Memory (Gsm), and Processing Speed (Gs) with achievement ACH-g 

(Spelling, Writing, Reading, and Math subtests) from the Woodcock-Johnson cognitive 

and achievement tests.  While other researchers believe the COG-g and ACH-g are 

identical constructs (Spearman, 1904), research completed by Kaufman et al. (2012) 

 found that while the two constructs are highly related, especially at grades K-12, they are 

not perfectly correlated.  For the current study, it is important to note these findings due 

to data obtained from grades within the K-12 group.  

Mathematics Disability 

 Students with Mathematics Learning Disability (MLD) typically lack knowledge 

of problem-solving processes and demonstrate deficits or delays in the area of number 

sense, learning of arithmetic procedures, in memorizing basic arithmetic facts (Flanagan  

& Alfonso, 2011).  Student deficits in mathematics are typically separated into two 

categories; Math Reasoning and Math Calculation Skills.  Based on evaluation results, 

students receive additional instruction to address specific mathematics deficits.  To 

improve upon these skills, teachers use explicit instruction techniques.  Montague and 

Applegate (1993) state explicit instruction is key due to the modeling component in 

which the teacher models or demonstrates how to apply specific skills when solving 

computations and math word problems.  Typically, students meet criteria for both areas 

of SLD in mathematics but this is not always the case as will be demonstrated in the 
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current study.  Many students with deficits in Math Reasoning also have deficits in 

Reading which is true in the current study.  

Statement of the Problem 

When children enter kindergarten, assessment of academic knowledge and skills 

begins immediately.  Data are gathered; baselines are established; instruction and 

interventions are implemented; and the process to “close the achievement gap” begins. 

This procedure has been in place for decades.  However, despite this effort, the number of 

students entering special education with SLD has steadily increased rising from 51% in 

2004 to 67% in 2007.  Overall achievement in the United States hasn’t fared much better 

with the rank of 11th in fourth-grade math and 9th in eighth-grade math according to the 

results obtained from the Trends in International Mathematics and Science Study 

(TIMSS) (United States Department of Education, 2013).  

 If this process begins in kindergarten, why does the percentage of students 

entering special education with SLD continue to rise?  Why does math achievement in 

the United States continue to lag behind other countries on the world stage?  Perhaps 

instruction and interventions do not address cognitive deficits and are not delivered 

within a developmentally appropriate timeline.  To address the issues of low performance 

in mathematics, the identification of narrow cognitive abilities essential for math 

achievement must be identified.  Only then can instruction and interventions begin to 

“close achievement gaps,” decrease the number of students entering special education, 

and increase math achievement in the United States. 

 

 

4 



Texas Tech University, Angie Elkins, August, 2014 

Statement of Purpose 

 Currently, there is a limited amount of research exploring the relationships 

between narrow cognitive abilities and mathematics achievement (Mayes, 2009).  The 

purpose of this study is to identify which broad and narrow cognitive abilities play the 

most important role in predicting mathematics achievement among students with SLD in 

mathematics and/or reading which will direct instruction and interventions needed to 

bypass weak abilities.  An additional purpose of this study was to determine what 

cognitive abilities contribute to mathematics achievement among children with learning 

disabilities at different age levels.  Lastly, the purpose of this study was to expand on 

previous research using the Woodcock-Johnson III Tests of Cognitive Abilities and Tests 

of Achievement by replicating portions of previous studies by McGrew and Wendling 

(2010) and Proctor (2012) into one study. 

Research Questions 

 To better understand the relationships between cognition and math achievement, a 

review of the literature was conducted to present the available information regarding 

theories of intelligence, identification of SLD, and the relationships between broad and 

narrow cognitive abilities and math achievement.  Based on the review of the literature, 

the following research questions were developed: 

1. Are the broad cognitive abilities of Crystallized-Intelligence (Gc) and Long-Term 

Storage and Retrieval (Glr) predictors of the mathematics achievement clusters Math 

Calculation Skills and Math Reasoning? 

5 
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2. Is the narrow cognitive ability of Ideational Fluency (FI) a stronger predictor of the 

mathematics achievement cluster Math Calculation Skills than the narrow cognitive 

ability Associative Memory (MA)? 

3. Is the narrow cognitive ability of General Verbal Information (KO) a stronger predictor 

of the mathematics achievement cluster Math Calculation Skills than the narrow 

cognitive ability Lexical Knowledge (VL)? 

4. Is the narrow cognitive ability of General Verbal Information (KO) a stronger predictor 

of the mathematics achievement cluster Math Reasoning than the narrow cognitive 

ability Lexical Knowledge (VL)? 

5. Is the narrow cognitive ability of Ideational Fluency (FI) a stronger predictor of the 

mathematics achievement cluster Math Reasoning than the narrow cognitive ability 

Associative Memory (MA)? 

6. Is Math Calculation Skills a statistically significant predictor of Math Reasoning? 

7. Are the models invariant between children with learning disabilities at different age 

levels? 

Theoretical/Conceptual Framework 

 This study was guided by the Cattell-Horn-Carroll Theory of Cognitive Abilities 

(CHC) which has become the accepted theory of cognitive measurement used in the 

identification of specific learning disability and is a theory in which contemporary 

cognitive measures are created, most notably the Woodcock-Johnson Tests of Cognitive 

Abilities.  Lastly, this study was based on the results from previously published studies 

conducted by Proctor (2012) and McGrew and Wendling (2010) in which broad and 
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narrow abilities of cognition were identified as predictors of mathematics achievement 

within samples of students with and without learning disabilities.   

Study Design Rationale 

 Descriptive and correlation analyses were used to determine the existence of 

relationships between the areas of cognition and math achievement.  Correlation findings 

were able to determine which broad and narrow cognitive abilities (Crystallized-

Intelligence (Gc), Long-term Storage and Retrieval (Glr), General Verbal Information 

(KO), Lexical Knowledge (VL), Associative Memory (MA), or Ideational Fluency (FI)) 

were statistically significant in predicting the dependent variable (Math Reasoning or 

Math Calculation Skills).   

Research Assumptions 

The researcher assumed that the educational diagnosticians administering the 

Woodcock-Johnson III Tests of Cognitive Abilities and Woodcock-Johnson III Tests of 

Achievement were qualified due to having obtained certification as required by the Texas 

Education Agency (TEA, 2013): 

 To be eligible to receive the standard Educational Diagnostician Certificate, a 

candidate must: 

(1) successfully complete an educational diagnostician preparation program that 
meets the requirements of §239.82 of this title (relating to Preparation Program 
Requirements) and §239.83 of this title (relating to Standards Required for the 
Educational Diagnostician Certificate); (2) successfully complete the examination 
based on the standards identified in  §239.83 of this title; (3) hold, at a minimum, 
a master's degree from an accredited institution of higher education that at the 
time was accredited or otherwise approved by an accrediting organization 
recognized by the Texas Higher Education Coordinating Board; (4) hold a valid 
classroom teaching certificate; and (5) have two creditable years of teaching 
experience as a classroom teacher, as defined in Chapter 153, Subchapter CC, of 
this title (relating to Commissioner's  Rules on Creditable Years of Service) and 
the Texas Education Code, §5.001(2). 

7 
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The researcher assumed Educational Diagnosticians administering the Woodcock-

Johnson III Cognitive and Achievement tests were trained on the administration of the 

assessment instrument, followed published procedures for administering and scoring the 

instrument, and had the required knowledge and experience to interpret the results.  It 

was also assumed that the Educational Diagnostician possessed the knowledge of the 

alternative research-based procedure (Method III) to determine SLD eligibility.  

Definition of Terms 

Due to the abundance of acronyms and terms that are often used interchangeably, 

the following definitions have been provided for clarity.   

Alternative Research-Based Procedure: Method III.  

 As written  in the 2006 regulations when determining SLD (§ 300.307[a](3) “May 

permit the use of other alternative research-based procedures for determining whether a 

child has a specific learning disability”.  Criteria for SLD include identification of 

empirically related cognitive and achievement ability deficits in the below-average range 

when compared to same-aged peers from the general population, a determination that 

exclusionary factors are not the primary cause of the identified academic and cognitive 

deficits, and identification of a pattern of performance consistent with unexpected 

underachievement, including identification of at least average overall cognitive ability 

(Flanagan et al., 2006). 

Associative Memory (MA)  

 Associative Memory (MA) is the ability to remember previously unrelated 

information as having been paired (Flanagan, Ortiz & Alfonso, 2013). 

8 



Texas Tech University, Angie Elkins, August, 2014 

Basic Reading Skills 

 For this study, Basic Reading Skills is defined as an aggregate measure of sight 

vocabulary, phonics and structural analysis (Mather & Woodcock, 2001). 

Broad Cognitive Abilities  

 Broad Cognitive Abilities represent “basic constitutional and long-standing 

characteristics of individuals that can govern or influence a great variety of behaviors in a 

given domain” and they vary in their emphasis on process, content, and manner of 

response (Carroll, 1993). 

Cattell-Horn-Carroll (CHC) Theory of Cognitive Abilities  

CHC is a psychological theory of human cognitive abilities that has resulted in a 

hierarchical framework that includes three strata: general intelligence or g (stratum III), 

broad cognitive abilities (stratum II) and narrow cognitive abilities (stratum I).  This 

framework was created to better understand human cognition and the relations to life 

outcomes (Floyd, Evans, McGrew, 2003). 

Correlation 

Correlation is a statistic that describes the important characteristics of a 

relationship and produces a single number that quantifies the pattern in the relationship 

(Heiman, 2015). 

Crystallized-Intelligence (Gc) 

Also referred to as Comprehension-Knowledge, as measured by Woodcock-

Johnson Tests of Cognitive Abilities, is the depth and breadth of knowledge and skills 

that are valued by one’s culture (Flanagan et al., 2013). 
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Educational Diagnostician 

For this study, the Texas Administrative Code amended to be effective December 

23, 2009, 34 TexReg 9201states General Provisions of an Education Diagnostician:  

 
(a) Because the educational diagnostician plays a critical role in campus 
effectiveness and student achievement, the rules adopted by the State Board for 
Educator Certification in this subchapter ensure that each candidate for the 
Educational Diagnostician Certificate is of the highest caliber and possesses the 
knowledge and skills necessary to improve the performance of the diverse student 
population of this state.  (b) An individual serving as an educational diagnostician 
is expected to actively participate in professional development activities to 
continually update his or her knowledge and skills. Currency in best practices and 
research as related to both campus leadership and student learning is essential.  (c) 
The holder of the Educational Diagnostician Certificate issued under the 
provisions of this subchapter may serve as an educational diagnostician, including 
providing educational assessment and evaluation, as required by the Individuals 
with Disabilities Education Act (IDEA) or other applicable law, for students from 
Early Childhood-Grade 12.RULE §239.80 

 
Formal Assessment  

 For this study, formal assessment is characterized as standardized assessments. 

This type of assessment uses tests that are administered with specific instructions and 

guidelines. Included are interpretation procedures that require strict adherence to specific 

protocols to receive correct and true results. These tests are typically manufactured 

assessments that test cognitive and achievement skill (Overton, 2009). 

Full and Individual Evaluation  

 The term means a comprehensive evaluation that consists of data gathered from 

multiple sources for each student being considered for special education and related 

services. It is a part of the district's overall, general education referral or screening 

system. Prior to referral, students experiencing difficulty in the general classroom are to 

10 
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be considered for all support services available to all students, such as tutorial; remedial; 

compensatory; response to scientific, research-based intervention; and other academic or 

behavior support services. (IDEA, 2004). 

General Verbal Information (KO)  

 General Verbal Information (KO) is the breadth and depth of knowledge of one’s 

culture (Flanagan et al., 2013). 

General Intellectual Ability (GIA)  

 “General Intellectual Ability or g, score will often be the best single-score 

predictor of various global criteria such as overall school achievement or other life 

outcomes that have some relationship to cognitive ability” (Mather & Woodcock, 2001).  

Ideational Fluency (FI)  

 Ideational Fluency (FI) is the ability to rapidly produce a series of ideas, words, or 

phrases related to a specific condition or object (Flanagan et al., 2013).  

Individuals with Disabilities Education Act (IDEA) 

 A Federal law passed in 1997 and reauthorized in 2004 as the Individuals with 

Disabilities Education Improvement Act (IDEIA).  Both laws ensure a “free and 

appropriate public education” in the “least restrictive environment” to meet the individual 

needs of children diagnosed with disabilities who have not yet graduated from high 

school or until they reach 21 years of age; additionally, these laws provide funding to 

public schools for special education services and related services (IDEIA, 2004). 

Intelligence 

 Intelligence is the aggregate or global capacity of the individual to act 

purposefully, to think rationally and to deal effectively with his environment (Wechsler, 

11 
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1939).  For this study, the researcher analyzed the broad and narrow intellectual abilities 

of; Crystallized-Intelligence (Gc) and Long-Term Storage and Retrieval (Glr) and the 

narrow intellectual abilities of General Verbal Information (KO), Lexical Knowledge 

(VL), Ideational Fluency (FI), and Associative Memory (MA). 

Lexical Knowledge (VL)  

 Lexical Knowledge (VL) is the extent of vocabulary that can be understood in 

terms of correct word meaning (Flanagan et al., 2013). 

Long-Term Storage and Retrieval (Glr) 

 The ability to store, consolidate, and retrieve information over periods of time 

measured in minutes, hours, days, and years (Flanagan et al., 2013). 

Math Calculation Skills 

 An aggregate measure of computational skills and automaticity with basic math 

facts and provides a measure of basic mathematical skills (Mather & Woodcock, 2001). 

Math Reasoning 

 Also referred to as Math Problem Solving, is an aggregate measure of problem 

solving, analysis, reasoning, and vocabulary (Mather & Woodcock, 2001). 

Mathematics Achievement 

 For this study, mathematics achievement will be synonymous with Broad Math; a 

comprehensive measure of math achievement including problem solving, number facility, 

automaticity, and reasoning (Mather & Woodcock, 2001).  
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Narrow Cognitive Abilities  

 The narrow cognitive abilities, as defined by Carroll (1993), “represent greater 

specializations of abilities, often in quite specific ways that reflect the effects of 

experience and learning, or the adoption of particular strategies of performance.” 

Response to Intervention (RtI) 

RtI may be described as a model addressing the needs of all students through a 

continuum of services which provide: (1) high quality instruction and scientific, research-

based, tiered intervention strategies aligned with individual student need; (2) frequent 

monitoring of student progress to make results-based academic or behavioral decisions; 

(3) data-based school improvement; and (4) the application of student response data to 

important educational decisions (such as those regarding placement, intervention, 

curriculum, instructional goals and methodologies (IDEA, 2004). 

Severe Discrepancy Model 

Simply stated, if the difference between the student’s IQ and achievement was at 

least one standard deviation (>16 points), with the achievement standard score being 

lower than the IQ score, the student was determined to meet criteria for LD. 

Specific Learning Disability (SLD) 

 According to IDEA 2004, SLD is defined as follows: 

The term “specific learning disability” means a disorder in one or more of  the 
basic psychological processes involved in understanding or in using language, 
spoken or written, which may manifest itself in the imperfect ability to listen, 
think, speak, read, spell, or do mathematical calculations.  Such a term includes 
such conditions as perceptual disabilities, brain injury, minimal brain dysfunction, 
dyslexia, and developmental aphasia, Such a term does not include a learning 
problem that is primarily the result of visual, hearing, or motor disabilities; or 
mental retardation; of emotional disturbance; or of environmental, cultural, or 
economic disadvantage. (IDEA 2004, § 602.30, Definitions). 

13 
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Standard Deviation (SD)  

 Standard Deviation is the square root of the variance, representing the average of 

the squared deviations from the mean (Sattler & Hoge, 2006). 

Standard Score  

 Standard Scores “are raw scores that have been transformed so that they have a 

predetermined mean and standard deviation.”  Transformation of raw scores can then be 

expressed as a value on a standardized scale (Sattler & Hoge, 2006). 

Limitations of the Study 

This study uses data that were limited to a single Local Education Agency (LEA).  

Participants of the study were limited to students meeting the eligibility criteria of 

Specific Learning Disability (SLD) in one or more of the following areas: Math 

Calculations, Math Problem Solving, Basic Reading Skills, Reading Comprehension, 

and/or Reading Fluency.  Therefore, results from this study may not generalize to 

populations without learning disabilities, learning disabilities in additional eligibility 

areas, and/or to other school districts. 

For this study, one large school district participated in the data collection.  Data 

fitting the criteria for the study were collected on a volunteer basis by Educational 

Diagnosticians employed by the school district participating in the study.  Therefore, the 

researcher had no control over the overall sample size or the sample size within age 

ranges of 9-12 and 13-15 years.  Age ranges in the current study were developed to 

replicate the age ranges in the McGrew and Wendling study (2010) as closely as possible, 

and on the availability of data that included the broad and narrow cognitive abilities 

14 



Texas Tech University, Angie Elkins, August, 2014 

addressed in the current study.  Comprehensive assessment is typically completed at 

grades three through grade nine.  To ensure confidentiality and the participants’ right to 

privacy, information regarding ethnicity, gender, and socioeconomic status was not 

obtained.  However, current demographic information was obtained from the LEA noting 

a breakdown of ethnicity, gender, and age of the special education population within the 

school district.  It is likely that the sample population of the current study is 

representative of students within the LEA due to student data being collected from across 

the district.  

Lastly, the 2006 regulations allow “the use of other alternative research-based 

procedures” for SLD identification (§ 300.307[a]) often referred to as Method III.  There 

are several models of SLD identification that follow this third option.  The LEA used the 

operational definition of SLD (Flanagan, Ortiz, & Alfonso, 2007) that is considered an 

alternative research-based approach.  Patterns of cognitive strength and weakness are 

identified.  This “third method” requires the identified achievement area of deficit be 

empirically linked to one or more cognitive processing deficits and that there be evidence 

of functional impairment such as below grade level academic performance or academic 

failure.  Response to intervention (RtI) data was considered at the initial phase of the 

evaluation.  Exclusionary factors were considered during the evaluation process to ensure 

that the cognitive and achievement deficits identified are not the primary cause of 

academic weakness and learning difficulties.  Exclusionary factors include vision, 

hearing, motor functioning, cognitive and adaptive functioning, social-emotional, 

environmental/economic, cultural/linguistic, physical/health, instructional.  Participants 

in the current study presented with a General Intellectual Ability (GIA), which is 
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analogous to a full-scale IQ score, of at least 70 or higher.  The researcher acknowledges 

this low cut off score.  However, the data gathered represents current methods of SLD 

identification within the LEA participating in the study.  

Significance of the Study 

 Currently, there is a limited amount of research exploring the relationships 

between narrow cognitive abilities and mathematics achievement (Mayes, 2009).  This 

study contributes to the understanding of which broad and narrow cognitive abilities play 

the most important role in predicting mathematics achievement among students with SLD 

in mathematics and/or reading.  Identification of the most important predictors of 

mathematics achievement will help educators make informed decisions regarding 

appropriate instruction and interventions so that students obtain the knowledge, skills, 

and strategies needed to bypass weaknesses.  A better understanding of the relationships 

between cognition and mathematics achievement could result prescriptive assessment 

that focuses on skill deficits identified through the RtI process which led to the special 

education referral. 

Organization of the Study 

 This study has been organized into five chapters.  Chapter one contains an 

overview of the study, purpose, theoretical framework, assumptions, definition of terms, 

limitations, and significance of the study.  Literature relevant to the study is reviewed in 

chapter two.  Chapter three discusses the quantitative research methodology of the study, 

including the design and context of the study, participant data used in the study, and the 

collection, analysis, and management of obtained data.  In chapter four, the gathered data 

is analyzed to address the research questions.  Chapter five provides a summary of the 
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study, its findings, conclusions, and recommendations for the profession as well as 

further research.  

Summary 

This chapter included an introduction to the research problem, the relationships 

between broad and narrow cognitive abilities and mathematics.  The study was 

significant because it revealed the statistically significant relationships between cognition 

and mathematics and at different age levels. The methodology of data collection was 

introduced, and an overview of the participants was given.  The research design was 

introduced and the research questions focusing the relationships between cognition and 

mathematics achievement were discussed. The limitations and assumptions were stated, 

and definitions of terms relevant to the study were defined.    
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CHAPTER II 
 

REVIEW OF THE LITERATURE 
 
 

This review of relevant literature is presented in chronological order in order for 

the reader to develop an understanding of the evolution to what is currently considered 

best practice in the field of SLD identification.  This chapter begins with general concepts 

and narrows to the specific.  First, a historical perspective of SLD identification is 

discussed followed by federal and operational definitions of SLD, as well as an overview 

of the methods of SLD identification, past to present.  Second, the conceptual framework 

is presented beginning with an understanding of mathematics achievement, a description 

of mathematics concept development from a developmental perspective followed by a 

description of the characteristics of SLD in the area of Mathematics in terms of 

observable deficits in mathematics task performance.  Next, the current understanding of 

intelligence and the role of intelligence in mathematics achievement will be reviewed. 

Lastly, a brief historical perspective of the Cattell-Horn-Carroll Theory of 

Cognitive Abilities (CHC) is reviewed followed by an overview of the broad and narrow 

abilities relevant to the current study.  Next, a review of relevant empirical studies on the 

broad and narrow abilities; Long-Term Storage and Retrieval (Glr), Crystallized-

Intelligence (Gc), General Verbal Information (KO), Lexical Knowledge (VL), 

Associative Memory (MA), and Ideational Fluency (FI) is discussed.  The chapter will 

conclude with a rationale for the current study, research questions posed, significance of 

the study, and summary based on the literature reviewed. 
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Specific Learning Disability: A Historical Perspective 

The concept of Learning Disability has been mentioned in neurology, psychology, 

and education since the mid to late 1800’s (Mather & Goldstein, 2008).  Clinicians have 

and continue to document the difficulties of individuals in learning basic skills despite 

their average or above average intelligence (Kaufman et al., 2012).  However, with little 

technology to test theories of brain-based learning disability, definitions of learning 

disability were constructed in a social arena and educationally focused presuming there 

was a neurological reason for the inability to acquire academic skills (Hale & Fiorello, 

2004; Lyon, Fletcher, Shaywitz, Torgesen, Wood, Schulte, & Olson, 2001).  As late as 

1963, Samuel Kirk presented and coined the term Learning Disability in a paper based on 

his published book, Educating Exceptional Children (Kirk, 1962). He defined learning 

disability as 

a retardation, disorder, or delayed development in one or more of the processes  
 of speech, language, reading, writing, arithmetic, or other school subjects   
 resulting from a psychological handicap caused by a possible cerebral dysfunction 
 and/or emotional or behavioral disturbances.  It is not the result of mental   
 retardation, sensory deprivation, or cultural instructional factors. (p. 263).   

 

The acceptance of Kirk’s term and definition of Learning Disability led to the 

founding of the Learning Disabilities Association of America (LDA) (Flanagan & 

Alfonso, 2011).  Although the term Learning Disability had been defined, the 

identification and/or diagnosis of LD continued to be unclear.  This situation has 

persisted for many years.  However, in 2004 a classification system for LD was 

developed and mandated by Individuals with Disabilities Education Act (IDEA).  Now 

referred to as Specific Learning Disability (SLD), criteria were included in the 
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Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (American 

Psychiatric Association, 2013) (Flanagan & Alfonso, 2011).   

Federal Definition of Specific Learning Disability (SLD) 

Currently, the Individuals with Disabilities Education Act (IDEA) 2004, uses the 

term Specific Learning Disability and the definition: 

The term “specific learning disability” means a disorder in one or more of the 
basic psychological processes involved in understanding or in using language, 
spoken or written, which may manifest itself in the imperfect ability to listen, 
think, speak, read, spell, or do mathematical calculations.  Such a term includes 
such conditions as perceptual disabilities, brain injury, minimal brain dysfunction, 
dyslexia, and developmental aphasia.  Such a term does not include a learning 
problem that is primarily the result of visual, hearing, or motor disabilities; of 
mental retardations; of emotional disturbance; or of environmental, cultural, or 
economic disadvantage. (IDEA 2004, § 602.30, Definitions). 

 
The federal definition of SLD (IDEA, 2004) has gone unchanged for 30 years in 

spite of research in the field which described the nature of SLD from a cognitive and 

academic perspective.  The federal definition is relevant and will be used throughout the 

current study.  

Operational Definition of Specific Learning Disability (SLD) 

 In 1981, Kavale and colleagues reacted to the lack of federal engagement in 

updating the definition of SLD and created an operational definition.  The intention was 

to develop a precise description of the disability in hopes of improving the diagnostic 

ability of SLD.  Researchers in the field accepted the definition, but little change was 

seen regarding the definition on a federal level.  Kavale, Spaulding, and Beam (2009) 

persisted to influence the federal definition and developed a “richer” description of SLD 

which they believed could be used as a foundation for an operational definition that 

would provide validity in diagnosing SLD. The “richer” definition of SLD reads: 
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Specific learning disability refers to heterogeneous clusters of disorders that 
significantly impede the normal progress of academic achievement....  The lack of 
progress is exhibited in school performance that remains below expectation for 
chronological and mental ages, even when provided with high-quality instruction.  
The primary manifestation of the failure to progress is significant underachievement 
in a basic skill area (i.e., reading, math, writing) that is not associated with 
insufficient educational, cultural/familial, and/or sociolinguistic experiences.  The 
primary severe ability-achievement discrepancy is coincident with deficits in 
linguistic competence (receptive and/or expressive), cognitive functioning (e.g., 
problem solving, thinking abilities, maturation), neuropsychological processes (e.g., 
perception, attention, memory), or any  combination of such contributing deficits 
that are presumed to originate from central nervous system dysfunction  The 
specific learning disability is a discrete condition differentiated from generalized 
learning failure by average or above (>90) cognitive ability and a learning skill 
profile exhibiting significant scatter, indicating areas of strength and weakness.  The 
major specific learning disability may be accompanied by secondary learning 
difficulties that also may be considered when planning the more intensive, 
individualized special education instruction directed at the primary problem (p.46).    

 
This operationalized definition noted levels of student performance and 

conditions that were needed, but not sufficient for SLD identification.  It has been used as 

a foundation in providing a blueprint of essential elements that describe the nature of 

SLD (Flanagan & Alfonso, 2011).   

Flanagan, Ortiz, Alfonso, and Mascolo (2002) put forth modifications to improve 

upon Kavale and Forness’ operational definition.  The updated operational definition was 

well grounded in the CHC theoretical model, identified methods that could be used to 

address criteria at each level, and identified the process of SLD identification as recursive 

and iterative.  Therefore, decisions made at each level may influence decisions at prior 

and/or following levels and may lead to a repetition of processes to reach the goal of 

identification.  Over the past decade, the operational definition has evolved into what is 

now referred to as “the CHC-based operational definition of SLD” and is the method of 

SLD identification that is used in the current study.   
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Methods of SLD Identification 

Severe Discrepancy Model 

A brief historical review of the methods of SLD identification is important to 

review not only to gain an understanding of how the process has evolved, but also, to 

understand how methods used previously and presently to identify SLD may affect 

diagnosis and lead to misidentification.  Earlier methods of SLD identification included 

the severe discrepancy model.  Simply stated, if the difference between the student’s IQ 

and achievement was at least one standard deviation (>16 points), with the achievement 

standard score being lower than the IQ score, the student was determined to meet criteria 

for SLD.  However, this method was riddled with problems.  The major flaw of this 

method was its weakness of differentiating between students who truly demonstrate SLD 

and those who are low achievers.  For example, children with SLD may demonstrate 

deflated IQ and achievement scores due to the calculated average of processing strengths 

and weaknesses.  This deflated profile has the appearance of consistent low performance 

and, as a result, the child may be identified as a low achiever leaving the child in his or 

her current setting without specialized instruction to address achievement deficits.  

Obviously, the use of this method to make educational planning and placement decisions 

is flawed (Gresham & Vellutino, 2010) and may lead to misidentification.  

Additional problems with the severe discrepancy model of SLD identification 

include inconsistency in the application that affects classification rates and data that may 

be inconsistent with the SLD construct.  Fiorello, Hale, and Wycoff (2012) cite 

MacMillan, Siperstein, and Gresham (1996) noting that the model of severe-discrepancy 

leads to children being incorrectly identified with SLD due to the model’s lack of 
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specificity and sensitivity.  This fact is especially true among racial minorities, ethnic, 

cultural, and linguistic populations, as well as students diagnosed with ADHD, may result 

due to rigid cutoff scores used to establish a discrepancy that may overlook the 

possibilities of profile variability (Flanagan & Alfonso, 2011).  Additional issues with 

rigid cutoff scores may also result in the determination of special education services 

being received by one child while another child with a similar profile receives no special 

education services.  For example, children with a high IQ and low achievement are more 

likely to be labeled SLD than children with a low IQ and the same achievement deficits.  

Due to the nature of the discrepancy requirement this method is a model of reaction in 

which the child, usually in the 3rd or 4th grade, must demonstrate failure before receiving 

an intervention.  As a result, this model is often referred to as a “wait to fail” model.  

Lastly, this model also fails to answer “why” the child is unable to perform in comparison 

to his or her same age peers and places the focus on eligibility rather than on academic 

interventions to address deficits (Flanagan & Alfonso, 2011).   

The problems of a severe discrepancy model have become quite clear. In an 

attempt to clarify and improve consistency regarding the methods for SLD identification, 

federal regulations were handed down in 2006 (34 CFR § 300.307-309).  Federal 

regulations mandated that the state must adopt criteria for determining SLD.  The criteria 

included (a) must not require the use of severe discrepancy between intellectual ability 

and achievement; (b) must permit the use of a process based on a child’s response to 

scientific, research-based interventions, and (c) may permit the use of other alternative 

research-based procedures for determining whether a child has SLD (Flanagan & 

Alfonso, 2011).  Unfortunately, simple discrepancy between intellectual ability and 
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achievement continues to be a milestone in many SLD identifications due to the 

empirical data which demonstrates the child’s unexpected underachievement (Lyon et al., 

2001).  

Response to Intervention (RtI) Model 

The second method of SLD identification mentioned in the mandate is known as 

the Response to Intervention (RtI) model.  Simply stated, RtI documents the student’s 

progress during intervention (Mather & Wendling, 2012).  The use of the RtI model by 

school districts has steadily increased from 24% in 2007 to over 61% in 2010 (Mather & 

Wendling, 2012). However, problems have been identified with the RtI multi-tiered 

method as well.  The process of RtI begins with all students on Tier I with exposure of 

quality instruction in the general education setting.  Universal screening is implemented 

to identify students who may struggle in a specific academic area.  Identified students are 

then placed in Tier II where decisions are made regarding the selection of a scientific-

based intervention and the time, frequency, and duration in which the intervention is to be 

implemented.  If a student responds positively to the intervention, it is documented, and 

the process to SLD identification is discontinued.  If a student does not respond to the 

intervention, the time, frequency, and duration of the intervention may be adjusted or 

based on data obtained during the RtI process, an alternative intervention may be 

implemented.  However, these adjustments are not mandated.  As a result, options 

regarding intervention methods and individualized adjustments made in time, frequency, 

and duration are often inconsistent, limited, or not implemented leading to 

misidentification of SLD due to nonresponse.   

24 



Texas Tech University, Angie Elkins, August, 2014 

Criticism of this method as the only method for identification of SLD centers on 

the inevitable label of SLD being placed on students who repeatedly do not respond to 

intervention as implemented.  This method also does not routinely include assessments of 

cognitive processes due to the weak link between assessment results to intervention 

planning (Flangan & Alfonso, 2011; Mather & Wendling, 2012).  Therefore, because this 

method does not include cognitive assessment which often explains underachievement, it 

fails to answer “why” the child is unable to perform in comparison to his or her same age 

peers. 

RtI and SLD Identification: Inconsistencies in the Research  

Gresham and Vellutino (2010) evaluated the importance of IQ in identifying 

students with SLD.  This study spanned over a 5-year period and focused on the 

distinguishing the difference between students who struggle in reading due to lack of 

experience and students who demonstrated reading difficulties due to basic deficits in 

cognitive abilities (Gresham & Vellutino, 2010).  Special focus was given to the 

cognitive profiles of the students as they were tracked from the beginning of kindergarten 

to the end of fourth grade.  Two groups of readers were identified by results obtained 

from the administration of two subtests, Word Identification and Word Attack, of the 

Woodcock Reading Mastery Test - Revised (WRMT-R; Woodcock, 1987).  Struggling 

readers were identified (n = 125) scoring at or below the 15th percentile on either of the 

two subtests, and normally developed readers (n = 65) scoring at or above the 40th 

percentile on both subtests.  Qualifying children were then given the Wechsler 

Intelligence Scale for Children- Revised (WISC-R; Wechsler, 1974).  Children who 

achieved an IQ score of 90 or above on either the Verbal or Performance Scales was 
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included in the study (n = 118 struggling readers; n = 65 normal readers) (Gresham & 

Vellutino, 2010).  

The study used multivariate and univariate analyses of variance to compare the 

two groups on reading growth and related cognitive abilities. The procedures of this study 

involved tracking the reading growth of the struggling readers.  Most of the struggling 

readers (n = 76) participated in daily one-to-one tutoring for 30 minutes.  The rest of the 

struggling readers (n = 42) received reading intervention offered on their campus.  Two 

groups of normal readers were also identified; one group with average intelligence and a 

second group with above average intelligence.  

Results of the study showed students who were tutored in a one-to-one setting 

performed better on reading measures than did students who participated in campus 

intervention programs.  Results also indicated no statistically significant difference in 

measures of intelligence among the tutored groups nor did the tutored groups differ from 

the average IQ normal readers.  The difference between the students that were difficult to 

remediate from the students that were readily remediated on measures of language-based 

skills such as knowledge of letter names and sounds, phoneme awareness, letter-sound 

decoding, verbal memory, name retrieval, etc. was significant (Gresham & Vellutino, 

2010).  This study, therefore, “shows no strong or reliable relationships between 

measures of intelligence and measures of reading achievement, either among struggling 

readers who manifested varying degrees of growth in reading following intensive 

intervention or among normally developing readers” (Gresham & Vellutino, 2010).  This 

study supports the contention that a student’s response to intervention is a better predictor 

when identifying reading disabilities than the IQ-achievement discrepancy method and 
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found students who participate in RtI programs are able to consolidate and maintain 

academic gains (Gresham & Vellutino, 2010).   

As mentioned previously, the Gresham and Vellutino (2010) study focused on 

SLD identification in the area of reading disability using the methods of RtI and severe 

discrepancy.  Due to the prevalence of combined reading and arithmetic disabilities the 

results of this study is relevant to the current study.   

Prevalence of Reading and Arithmetic Disabilities 
 

An additional study conducted by Dirks, Spyer, van Lieshout, and de Sonneville 

(2008) also explored the prevalence of reading and arithmetic disabilities.  Dirks and 

colleagues cited Badian (1999) and Lewis, Hitch, and Walker (1994) who demonstrated a 

relatively high comorbidity rate for combined disabilities in reading and arithmetic.  The 

Badian study (1999) followed 1,075 children from the northeastern United States from 

kindergarten to the end of the eighth grade and found that 3.4% of children demonstrated 

a persistent disability in arithmetic and reading, 6.6% in reading only, and 2.3% in 

arithmetic only.  Lewis et al. (1994) (N = 1,056) focused on British children nine and ten 

years of age and found that 2.3% of children had combined reading and arithmetic 

disabilities, 3.9% had a disability in reading only, and 1.3% had a disability in arithmetic 

only.  Even though the results differ in the magnitude of reported prevalence estimates, 

both studies show high comorbidity rates for the combined reading and arithmetic group.  

It should also be noted that the combined reading and arithmetic disability group 

demonstrated a higher estimate than for arithmetic alone (Dirks et al., 2008). 

With this previous research in mind, Dirks and colleagues (2008) sought to 

determine a prevalence estimate of combined disability in reading and arithmetic using 
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word recognition and computation.  Dirks et al. (2008) deemed the results important for 

educational services from the perspective of diagnostics and treatment.  If a high 

prevalence of reading and arithmetic disabilities can be established, generalizations can 

be made regarding SLD identification.  

Dirks and colleagues (2008) included children in fourth and fifth grade (N = 799) 

from 13 different regular Dutch elementary schools; campuses for behavioral, emotional, 

or social problems were not included.  The students were placed in groups; Reading and 

Arithmetic (RAD), Reading only (RD), Arithmetic only (AD), and Normal Achievement 

(NA).  A two-way analysis of variance (ANOVA) was conducted along with analyses of 

covariance (ANCOVA) to control for possible gender differences.  No difference was 

noted among the groups regarding reading and arithmetic performance.  Dirks et al. 

(2008) also concluded that the intended differentiation among the groups was achieved.   

Prevalence estimates revealed 7.6% of the population demonstrates reading and 

arithmetic disability which exceeds the expected rate of 4.9%.  This result is in line with 

the findings of Badian (1999) and Lewis et al. (1994) in that the prevalence of combined 

reading and arithmetic disabilities were higher than would be expected by chance (Dirks 

et al., 2008).  The expectation of total arithmetic disabilities (RAD + AD) was to 

approximate 25.0%.  However, the study revealed that 17.9% of the population 

demonstrates total arithmetic disabilities (RAD + AD).  Dirks et al. (2008) reported 

possible explanations for the lower estimate may be due to the possibility of outdated 

norms and/or the arithmetic test being too easy.   

The results of this study revealed high comorbidity rates of reading and arithmetic 

disabilities.  Therefore, when a larger than expected number of students are identified 
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with combined disabilities in reading and mathematics, the method of SLD identification 

becomes relevant.  Research has revealed that severe discrepancy is not an adequate 

means of SLD identification for reading.  Therefore, due to the prevalence of combined 

reading and mathematics disability, a severe discrepancy should not be used as a means 

of SLD identification for mathematics.  If the consistency of SLD identification is to be 

realized, the method to reach that determination must also be consistent. 

Alternative Research-based Procedure: Method III 

The 2006 regulations allow “the use of other alternative research-based 

procedures” for SLD identification (§ 300.307[a]) often referred to as Method III.  There 

are several models of SLD identification that follow this third option.  Components 

common in this method of SLD identification require that academic and cognitive 

weaknesses are identified and are similar or consistent, areas of cognitive deficit are 

empirically linked to academic areas of deficit, a generally average (or better) cognitive 

or intellectual ability, and the presence of a statistically significant or clinically 

meaningful difference in measured performance between general cognitive ability and the 

areas of academic and cognitive weakness (Kavale & Forness, 2000).  

The CHC-based operational definition of SLD is a “third method” that is well 

grounded in CHC theory and includes an evaluation of exclusionary factors at an earlier 

stage in the SLD identification process, recognizes that decisions made as information is 

gathered at each level may affect decisions at other levels, and requires an empirical 

relationship between identified weaknesses or deficits in cognitive abilities with 

academic skills revealed to be weak or deficit as measured previously (Flanagan & 
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Alfonso, 2011).  This method of SLD identification holds great promise in making 

changes that will improve SLD identification.   

Due to the method’s strong application of CHC theory, measurements have 

improved, and interpretation of evaluation results have led to more effective 

identification of cognitive and achievement interventions (Flanagan, Fiorello & Ortiz, 

2010).  This method has provided insight and answers to questions such as (A) Why are 

certain methods of instruction or intervention not effective for some students? (B) What 

interventions, strategies and accommodations will be more effective for the student? (C) 

What might be the best method of delivery regarding instruction and intervention 

implementation for the student? (Kavale, Kauffman, Bachmeier, & LeFever, 2008; 

Schrank 2006; Wendling & Mather, 2009; Wendling, Schrank & Schmitt, 2007).   

The answers to these questions are made possible due to the data obtained from 

instruments based on the CHC theory which provide information regarding the 

individual’s unique cognitive and achievement profile.  However, this method of SLD 

identification may not be consistent among all evaluators due to the ambiguity of 

defining average, overall, or general intelligence.  Flanagan et al. (2010) believe the 

process of determining overall intelligence has become complex due to the breadth of 

abilities that are evaluated on intelligence measures.  When an individual’s cognitive 

profile demonstrates deficit areas among an otherwise typical profile, it becomes difficult 

to determine overall intellectual ability because the areas of cognitive deficit affect the 

total test score.  Flanagan and colleagues (2010) state, “To date, there is no agreed-upon 

method of determining whether an individual with circumscribed cognitive deficits is of 

average intelligence if those deficits attenuated his or her full-scale significantly.”  A 
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version of the CHC-based operational definition of SLD model, which is considered a 

“third method” of SLD identification, was used in conjunction with the RtI model in the 

current study regarding SLD identification.  

Conceptual and Theoretical Frameworks 

Mathematics Achievement: Schools of Thought 

To answer the question, “What is Mathematics Achievement?” there must be an 

understanding of what mathematics entails.  Ironically, mathematics has many 

definitions. At the beginning of the twentieth century, there were three main schools of 

thought when answering the question, “What is Mathematics?”  In summary the schools 

of thought consisted of the logistic or realist, the formalist, and the intuitionist (Padula, 

2011).  The mathematicians in the logistic/realist camp believed mathematics to be based 

on logic and that all mathematics is made up of a small number of fundamentally logical 

principles (Padula, 2011).  Mathematicians within this school of thought believe 

mathematics is all around and only needs to be discovered.  The formalist school of 

thought believes mathematics is abstract symbols that may or may not have a connection 

with reality (Padula, 2011).  The third school of thought, intuitionist, believe mathematics 

is not discovered or invented.  Instead, mathematics is unique to the mathematician and 

what he or she understands within his or her mind (Padula, 2011).   

Another school of thought purports that mathematics achievement is based on 

strategy choice.  Siegler and colleagues (Shrager & Siegler, 1998; Siegler & Araya, 2005) 

discovered that students undergo developmental changes in their use of strategy to solve 

mathematic problems.  They discovered children’s choice of strategy is fluid; changing as 

the child’s experience with mathematics increases and that specific situations are not 
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needed to learn mathematics.  With experience, old strategies are improved upon, and 

new strategies are developed as the child acquires new skills.  The improvement of skills 

allows for a decrease in cognitive load and allows the child to continue to develop new 

strategies.  However, recent theoretical and empirical studies challenge the line of 

thought that a child’s use of strategy is spontaneous and solely due to the amount of 

experience with mathematics.  Many mathematicians and philosophers find themselves 

moving from one camp the other during their careers.  Perhaps this fact answers why the 

term “mathematics” is so difficult to define.  

Mathematics Achievement: A Practical Review  

Geary, Hoard, Nugent, and Baily (2013) cite Barbaresi, Katusic, Colligan, 

Weaver, and Jacobsen (2005) who estimated that about 7% of children and adolescents 

have specific learning disability in mathematics that can be attributed to deficits in 

cognition or developmental delays.  Due to logistics, the researcher deferred to the Texas 

Education Agency (TEA) to define mathematics achievement.  Mathematics achievement 

is defined by a mastery of knowledge and skills at a given grade level.  Mastery of 

knowledge and skills are assessed by the state of Texas through the administration of the 

State of Texas Assessments of Academic Readiness (STAAR) test.  It is based on grade 

level state curriculum standards known as the Texas Essential Knowledge and Skills 

(TEKS).  The STAAR is administered annually to students at grade three and continues 

through until high school graduation.  If a student meets performance standards, the 

student is determined to be at grade level and, therefore, has demonstrated overall 

mathematics achievement.  
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When a student is suspected of having SLD, data-driven decisions are made based 

in part, on inadequate performance as demonstrated through work samples, grades, RtI 

data, and/or state assessment results.  All too often, unfortunately, some schools have 

responded to increased pressure regarding accountability associated with high-stakes 

testing by referring children for evaluation for special education services and supports 

(NASP, 2003).  Therefore, mathematics achievement is often directly linked to 

performance on the state assessment and when students do not meet passing criteria the 

student is set on the path to special education referral and evaluation. 

Mathematics achievement is then defined by standard scores obtained from a 

formal assessment instrument used during the special education evaluation process.  

When considering the student’s relative standing among same age- or grade-peers, a 

determination is made as to the presence of adequate or deficit mathematics skills 

(Mather & Woodcock, 2001).  The definition and debate of mathematics and adequate 

achievement will likely continue well into the future due to who is posing the question.        

Mathematic Concept Development by Age 

It is important to establish developmental expectations regarding mathematics 

achievement because the assessment measures used to determine the student’s level of 

mathematics skills result in standard scores that are compared to a normative group based 

on age or grade (Mather & Woodcock, 2001).  In other words, mathematics achievement 

is based on performance of skills within a predetermined developmental timeline. 

Research has been the basis for determining what mathematics skills students 

should be able to demonstrate within a developmental timeline.  Byrnes (2001) reported 

in a summary of research that children demonstrate mathematical thinking and the 
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concept of “number” in infancy.  As infants, children are able to distinguish between set 

size.  This determination is made by the amount of time a child spends looking at a set 

size.  When a child spends less and less time looking at a set size, habituation has been 

established.  However, when a child is presented with a different set size the child spends 

more time viewing the set this is an indication that a distinction between the set size is 

being made.  These findings are not stable when the set size increases above three 

(Strauss & Curtis, 1981) indicating infants are not able to consistently distinguish 

between set sizes larger than three.  These results indicate that children, at a very early 

age, are able to subitize or rapidly determine the number of objects in a set without 

counting them individually.   

Geary references Gelman and Gallistel’s (1978) five implicit principles that are 

believed to be inherent and appear to affect the understanding of counting among 

children.  The five principles are one-to-one correspondence, stable order, cardinality, 

abstraction, and order irrelevance.  By age five, children have knowledge of the five 

essential features of counting.  Children understand one-to-one correspondence in which 

only one number word tag can be assigned to each object counted.  They understand 

stable order in which word tags must be the same for every set of objects being counted.  

They realize the rule of cardinality which refers to the knowledge that the last word tag 

represents the quantity of the objects counted.  They demonstrate knowledge of 

abstraction by their understanding that the type of objects being counted is irrelevant, and 

they understand order irrelevance which refers to the understanding that objects can be 

counted in any sequence.   
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When children begin to learn addition they develop strategies to solve addition 

problems such as “count all,” “count on from first,” “count on from second,” “count on 

from larger,” “derived facts,” and “direct retrieval” (Fuson, 1998; Resnick, 1983).  For 

example, when using the “count all” strategy children may use their fingers or objects to 

count each object presented to arrive at a total.  When using the “count on from first” 

strategy, children begin counting with the first addend and add on the number in the 

second addend.  The “count on from second” strategy is the reverse in which the child 

begins the count with the second addend and adds on the number of the first addend.  The 

“count on from larger” strategy begins the count with the larger number and adds on the 

other number of the addition sentence regardless whether the addend was the first or 

second number of the addition sentence.  When using “derived facts” children begin with 

what they know to solve a problem that is not known.  Lastly, “direct retrieval” is used 

when a child can retrieve the answer from memory.    

As a student progresses through school, mathematical concepts become more and 

more abstract.  In middle school, students are presented with the notion that numbers can 

be represented in different ways such as fractions and decimals, and that numbers can be 

positive or negative.  As students enter high school, the complexities of mathematical 

concepts increase yet again.  Students are required to fulfill mathematics requirements 

from courses such as algebra, geometry, trigonometry, and calculus.  The abstract nature 

of mathematics continues when students are introduced to the notion of variables.   

Unfortunately, regarding higher level mathematics such as algebra and geometry, there is 

limited knowledge about the typical development of associated competencies (Geary, 

Hoard & Hamson, 1999).      
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Characteristics of Mathematics Learning Disability 

Students with SLD in the area of mathematics characteristically are poor problem 

solvers and typically lack knowledge of problem-solving processes, particularly those 

necessary for representing problems (Montague & Applegate, 1993).  Deficits in this area 

require the processes be taught explicitly and that the student is shown through teacher 

modeling or demonstration how to apply the skills when solving math word problems 

(Montague & Applegate, 1993).  Flanagan and Alfonso (2011) state students with Math 

Learning Disability (MLD) demonstrate a deficit or delay in the area of number sense, 

learning of arithmetic procedures, in memorizing basic arithmetic facts, have an overall 

IQ in the range of 90 - 95, and poor working memory. 

Geary (2004) administered experimental measures focusing on mathematics 

disability to 300 children from urban school districts in the United States, Europe, and 

Israel.  Results indicated children with mathematics learning disability (MLD) appeared 

to have adequate number processing skills when working with simple numbers but 

demonstrated persistent deficits in some areas of arithmetic and counting knowledge.  For 

example, students with MLD demonstrate immature counting principles and use 

problem-solving procedures that are used by younger children without disabilities such as 

finger counting.   

However, as the student becomes competent with procedures the student’s use of 

the finger counting strategy begins to fade and memory representations of basic facts are 

developed (Siegler & Shrager, 1984).  During this stage of development, students may be 

able to retrieve answers from long-term memory (direct retrieval) or they may reconstruct 

the answer by retrieving a partial sum and then adding a partial sum (decomposition).  
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For example; to solve the addition problem of 6 + 7 the student retrieves the answer to 6 

+ 6 = 12 and then adds 1 (Siegler & Shrager, 1984). 

Students with MLD also make procedural errors, some of which improve over 

time, and struggle to retrieve basic arithmetic facts from long-term memory, which 

typically does not improve over time (Byrnes, 2001).  Additionally, although able to 

perform on untimed arithmetic tests, students with MLD exhibit an inability to retrieve 

arithmetic facts with automaticity from long-term memory that then affects accuracy and 

performance speed when required to complete arithmetic tasks under a time constraint.  

This distinction in performance has been identified by Jordan and Montani (1997) as a 

possible means of discriminating MLD from co-morbid learning disabilities such as 

mathematics disability and reading disability (MD/RD) (Byrnes, 2001).   

Shalev, Auerbach, Manor, and Gross-Tsur (2000) found that children who 

demonstrated mathematics disability frequently demonstrated delays in overall language 

development.  Specifically, children with pervasive deficits in expressive and receptive 

language demonstrated deficits in number reasoning and arithmetic problems and 

children with expressive language deficits only, demonstrated delays in overall counting 

skills.  Further, Geary et al. (1999) discovered that students with MLD demonstrate 

specific deficits in the ability to manipulate information in working memory when 

attempting to solve mathematics problems.  Lastly, Levine and Reed (1999) found 

children who have language disabilities have trouble eliminating extraneous information 

and solving word problems.    

As students get older and enter middle school, many are not able to understand 

concepts relating to cardinal, ordinal, and equivalence (Byrnes & Wasik, 1991; Hiebert & 
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Behr, 1988; Post, Wachsmuth, Lesh, & Behr, 1985).  So why are some students able to 

perform adequately in mathematics while others are not?  To answer this question the 

current study explores the link between cognition and math achievement.   

Intelligence: A Current Understanding 

What is intelligence?  This debate has persisted for centuries.  There have been 

commonalities and differences among the greatest minds throughout the ages.  In 1939, 

Wechsler attempted to put the definition of this construct to paper.  His definition of 

intelligence is currently considered one of the best and most accepted definitions: 

Intelligence is the aggregate or global capacity of the individual to act 
purposefully, to think rationally and to deal effectively with his environment.  It is 
global because it characterizes the individual’s behavior as a whole; it is an 
aggregate because it is composed of elements or abilities which, though not 
entirely independent, are qualitatively differentiable.  By measurement of these 
abilities, we ultimately evaluate intelligence.  But intelligence is not identical with 
the mere sum of these abilities, however inclusive (p. 3). 

 

Today the common majority agrees with the definition of intelligence, however, 

the task of identifying aspects and measurement of intelligence continues. Currently, 

research has identified 80-some cognitive abilities that are structural in nature (Horn & 

Blankson, 2012).  In other words, the 80-some cognitive abilities are listed under higher-

order abilities creating a framework with organization and structure.  

The Role of Intelligence in Mathematics Achievement  

There can be no doubt regarding the importance of intelligence in achievement.  

However, fewer studies have been conducted which isolate aspects of intelligence and the 

relationship to achievement in the eligibility areas of SLD; reading comprehension, 

reading fluency, basic reading skills, math reasoning, math calculation skills, written 

expression, oral expression, and listening comprehension.  This study will isolate specific 
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narrow abilities and focus on their relationships with mathematics reasoning and 

mathematics calculation skills.   

Cattell-Horn-Carroll (CHC) Theory: A Historical Perspective 

The evolution of the CHC theory began in 1927 when Spearman proposed the 

theory of a common g factor for cognitive abilities.  Thurstone (1947) expanded this line 

of thought and modified Spearman’s theory by including six to seven primary cognitive 

abilities that proved to be independent of the common g factor (Horn & Blankson, 2012).  

He referred to these abilities as primary mental abilities which included; induction (I), 

deduction (D), verbal comprehension (V), associative memory (Ma), spatial relations (S), 

perceptual speed (P), numerical facility (N), and word fluency (Fw) (Schneider & 

McGrew, 2012).  There was some disagreement as to the importance of the g factor and 

the primary mental abilities.   

 Considering Thurstone’s and Spearman’s research, Cattell believed there to be at 

least two distinct factors of intelligence and was able to describe and articulate the 

research evidence.  Cattell (1943) described Fluid Reasoning (Gf) and Crystallized-

Intelligence (Gc) for the first time: 

Fluid ability has the character of a purely general ability to discriminate and 
perceive relations between any fundaments new or old.  It increases until 
adolescence and then slowly declines.  It is associated with the action of the 
whole cortex. It is responsible for the intercorrelations or general factor, found 
among children’s tests and among the speeded or adaptation-requiring tests of 
adults.  Crystallized ability consists of discriminatory habits long established in 
a particular field, originally through the operations of fluid ability, but no longer 
requiring insightful perception for their successful operations (p. 178).  

 
Cattell attributed human intelligence to these two factors.  The level of fluid 

intelligence and the individual’s effort to engage in learning was thought to affect the rate 

at which an individual was able to acquire and retain information.  Cattell did concede 
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that influences; biological, neurological, and environmental experiences and crystallized 

intelligence based on knowledge gained through acculturation (Flanagan et al., 2013) 

were a factor but that individuals with low fluid intelligence were limited while those 

with high fluid intelligence were not.  He believed Crystallized-Intelligence (Gc) and 

Fluid Reasoning (Gf) were highly correlated with Gc being the result of Gf and the 

individual’s level of effort to engage in learning.  The two factors, Gc and Gf, were able 

to answer the question “Why do some people know much more than others?” (Schneider 

& McGrew, 2012).  

John Horn, Cattell’s student, contributed to this theory adding a developmental 

component which added four additional abilities; Visual Processing (Gv), Short-term 

Acquisition and Retrieval (Gsm), Long-term Storage and Retrieval (Glr), Speed of 

Processing (Gs).  Later the following abilities; Auditory Processing (Ga), Decision Speed 

(Gt), Quantitative Ability (Gq) and Broad Reading/Writing Ability (Grw) were included 

which led to what was to become known as the Cattell-Horn Gf-Gc theory (Flanagan et 

al., 2013).  

In 1993, continuing Cattell-Horn’s work and to aid in understanding, John B. 

Carroll “...summarized a reanalysis of more than 460 different datasets that included 

nearly all the more important and classic factor-analytic studies of human cognitive 

abilities since the time of Spearman” and proposed a hierarchical, three stratum model of 

human cognitive abilities.  Stratum three represents overall general intelligence (g) at the 

apex.   Stratum two consists of eight broad ability domains; Fluid Intelligence (Gf), 

Crystallized-Intelligence (Gc), General Memory and Learning (Gy), Broad Visual 

Perception (Gv), Broad Auditory Perception (Ga), Broad Retrieval Ability (Gr), Broad 
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Cognitive Speediness (Gs), and Reaction Time/Decision Speed (Gt).  The first stratum 

consists of at least 69 narrow abilities (Flanagan & Harrison, 2012; Schneider & 

McGrew, 2012).  This was the first time an empirically-based taxonomy of human 

cognition was developed into an organized framework.   

In the late 1990s, McGrew (1997) developed an “integrated” Gf-Gc theory based 

on the Cattell-Horn and Carroll models which consisted of 10 broad cognitive abilities 

and over 70 narrow abilities.  Analysis suggested Quantitative Knowledge (Gq) as a 

distinct broad ability separate from Fluid Reasoning (Gf), Reading and Writing 

(Grw)separate from Crystallized-Intelligence (Gc), and Short-Term Memory (Gsm) and 

Long-Term Storage and Retrieval of information (Glr) as separate broad abilities 

(McGrew, 2009).  The “integrated” theory became known as the Cattell-Horn-Carroll 

(CHC) theory of cognitive abilities.    

Cattell-Horn-Carroll (CHC) theory has recently undergone yet another revision to 

incorporate the latest research results.  McGrew proposed a 16-domain CHC model.  This 

model was based on the integration of CHC research literature, CHC models, 

multidimensional scaling based analyses, and select cognitive neuroscience and cognitive 

information-processing theories (Schneider & McGrew, 2012).  The overarching 

framework illustrates a 16-factor model with over 80 narrow abilities.  

The Cattell-Horn-Carroll (CHC) theory of cognitive abilities is a working theory 

and continues to undergo adjustments as cognitive research is completed.  Referring to 

CHC theory, Schneider and McGrew (2012) stated, “All are invited to help build it, and 

anyone is entitled to try to knock it down by subjecting it to critical tests of its 

assumptions.” 
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Broad and Narrow Cognitive Abilities: An Overview 

Discussion here will be limited to the broad and narrow abilities assessed by the 

Woodcock-Johnson III Tests of Cognitive Abilities that are included in the current study: 

Crystallized-Intelligence (Gc); General Verbal Information (KO) and Lexical Knowledge 

(VL), Long-term Storage and Retrieval (Glr); Ideational Fluency (FI) and Associative 

Memory (MA).   

Proctor, Floyd, and Shaver (2005) sought to offer a functional and practical use 

for educators and conducted a normative comparison of the broad ability profiles of 

children considered to be average in math calculation skills and math reasoning to those 

who were not.  They hoped to discover if there is a “typical” student profile for those who 

struggle in math (Proctor, Floyd, & Shaver, 2005).  Also, Proctor et al., (2005) believed 

this line of research is important in the area of diagnostics.  The results would provide 

empirical support for the relationship between cognitive weaknesses and math 

achievement.  Participants were selected from the school-age portion of a nationally 

representative Woodcock-Johnson III (WJ III) standardization sample (Proctor et al., 

2005).  Three clusters were used from the WJ III Tests of Achievement: Math 

Calculations Skills (MCS), Math Reasoning (MR), and Broad Reading (BR).   

Broad Reading standard scores were required to be in the average range at 90 or 

higher with math reasoning and calculations skills standard scores at 85 or below and/or 

in the lowest 16th percentile.  The number of participants meeting these requirements 

were Math Calculation Skills (n = 68), Math Reasoning (n = 52), Average Achievement 

Math Calculations Skills (n = 68), and Average Achievement Math Reasoning (n = 52).  

Results indicated Low Achievement Group of Math Calculations and the Average 
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Achievement Group had similar high and low points in their cognitive profiles (Proctor et 

al., 2005).  There were also no significant differences found in CHC clusters, and when 

compared to the normative population.  Additionally, the low achievement group of MR 

scored significantly lower than the average achievement group on Fluid Reasoning (Gf) 

(Proctor et al., 2005).  Similar to the MCS results, the MR low achievement group also 

demonstrated at least one cognitive area with a standard score of 85 or below with over 

half of the participants displaying weaknesses in more than one cognitive area.  The most 

common cognitive deficit areas within the low achieving MR group consisted of Fluid 

Reasoning (Gf), Visual-Spatial Thinking (Gv), Comprehension-Knowledge (Gc), and 

Short-term Memory (Gsm) cluster when compared to the average achieving group.    

Findings indicated participants with low achievement in MCS did not 

significantly differ from the normative group (Proctor et al., 2005).  The most common 

cognitive deficit areas within the low achieving MCS group consisted of Fluid Reasoning 

(Gf), Visual-Spatial Thinking (Gv), and Short-term Memory (Gsm) cluster when 

compared to the average achieving group.  Normative strengths within the low achieving 

MCS group demonstrated standard scores of 115 or higher with at least one CHC cluster.  

The most frequent normative strength identified among the low achieving MCS group 

was Auditory Processing (Ga) and Short-term Memory (Gsm) (Proctor et al., 2005).  

Perhaps the difference in performance between the low achievement groups and the 

average achievement groups lie in the performance level of narrow abilities?     

McGrew and Wendling (2010) sought to add specificity by looking at cognitive 

relationships between achievement domains at different age levels.  Research 

studies/investigations that met criteria for the study used CHC cognitive abilities 
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framework, empirical evidence of the relationships between CHC cognitive abilities and 

reading and math, and report of quantitative information demonstrating the contributions 

of each IV on the achievement DV.  Achievement domains investigated were Basic 

Reading Skills (BRS), Reading Comprehension (RC), Basic Math Skills (BMS) and 

Math Reasoning (MR).  The meta-analysis consisted of nineteen investigations resulting 

in 134 analyses with 126 (94%) of the studies being exclusive to the Woodcock-Johnson 

III or Woodcock-Johnson Revised.  Age ranges were created based on availability of data 

(6-8, 9-13, and 14-19) with an analyses breakdown by achievement domains of BRS (14, 

14, 9); RC (11, 13, 8); BMS (12, 12, 10); and MR (13, 14, 12).  Multiple regression 

methods were used in the study.   

This study revealed the broad cognitive abilities consistently significant in 

predicting BMS within one or more age ranges were Crystallized-Intelligence (Gc), Fluid 

Reasoning (Gf), and Processing Speed (Gs).  Interestingly, this study also suggested that 

the narrow cognitive abilities played an important role in predicting basic math 

achievement even when the corresponding broad ability did not (McGrew & Wendling, 

2010).  Findings indicated a medium relationship at ages 9-19 between BMS and 

Crystallized-Intelligence (Gc) in the development of number concepts and retrieval of 

math facts.  Overall, Crystallized-Intelligence (Gc) was found to be significant at all age 

ranges in at least four of seven investigations.  Long-Term Storage and Retrieval (Glr) 

was found to be significant in one of two investigations in the age range of 6-8. These 

findings were inconsistent with prior research in which Glr was found to be a predictor of 

math skills throughout childhood and adolescence (Floyd et al., 2003).       
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Narrow cognitive abilities playing a role in basic math skills include Auditory 

Processing; Phonetic Coding (Ga-PC) which was consistently significant at ages 6-13 

and speculative at ages 14-19.  Processing Speed; Perceptual Speed (Gs-P) and Short-

term Memory; Working Memory (Gsm-MW) was consistently significant among all 

ages.  The narrow cognitive ability of Associative Memory (MA) was found to be 

significant in two of three investigations in the age range of 6-8 and zero of three 

investigations in the age ranges of 9-13 and 14-19.  Ideational Fluency (FI) was not 

included in the study either due to non-significance or a limited number of studies 

reporting Ideational Fluency (FI) results.  General Verbal Knowledge (KO) was found to 

be significant in one of two investigations in the age range of 6-8 and zero of two in the 

age ranges of 9-13 and 14-19 years.  Lexical Knowledge (VL) was found to be significant 

in zero of two investigations in all age ranges.      

Regarding Math Reasoning, Crystallized-Intelligence (Gc), Fluid Reasoning (Gf), 

Processing Speed (Gs), and Short-term Memory (Gsm) were consistently significant at 

one or more age ranges.  Crystallized-Intelligence (Gc) was found to be significant in six 

of seven investigations in the age ranges of 6-8 and 9-13 years and four of five 

investigations in the age range 14-19 years.  This result is consistent with other studies in 

which Crystallized-Intelligence (Gc) revealed an increase in importance with age which 

is due to the increased linguistic demands characteristic of more complex math tasks 

(Fuchs, Fuchs, Compton, Powell, Seethaler, Capizzi, Schatschneider, & Fletcher, 2006).  

Overall, Long-Term Storage and Retrieval (Glr) was not consistently significant for math 

reasoning which is consistent with some previous research (Proctor, 2012) and 

inconsistent with other studies (Floyd et al., 2003).  Long-term Storage and Retrieval 
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(Glr) was found to be significant in one of two investigations in the age range of 6-8 and 

zero of two investigations in the age ranges of 9-13 and 14-19 years.   

Narrow cognitive abilities again point to the importance of Ga-PC and Gs-P 

regarding the need of adequate language abilities and the ability to rapidly process 

numbers to solve math problems.  Gsm-MS (Short-term Memory; Memory Span) was 

important in predicting math reasoning within one or more age groups, and Gsm-MW 

(Short-term Memory; Working Memory) was a high predictor of math reasoning abilities 

at all ages.  The narrow cognitive ability of Associative Memory (MA) was found to be 

significant in one of three investigations in the age range of 6-8 and zero of three 

investigations in the age ranges of 9-13 and 14-19.  General Verbal Knowledge (KO) was 

found to be significant in one of two investigations in the age ranges of 6-8 and 9-13 and 

two of two in the age ranges of 14-19 years.  Lexical Knowledge (VL) was found to be 

significant in zero of two investigations in all age ranges.  Again, Ideational Fluency (FI) 

was not included in the study either due to non-significance or a limited number of 

studies reporting Ideational Fluency (FI) results.     

In another study, Proctor (2012) investigated the relationships between the CHC 

cognitive abilities and math achievement within a sample of students previously 

identified as students with LD.  The areas of LD included math, writing, reading, 

processing, and unknown.  Some students also had a previous diagnosis of ADHD.  A 

sample of 158 participants was in the age range of 17 to 55.  Multiple regression analyses 

were used producing the following results; regarding Math Calculation Skills, Processing 

Speed (Gs) and Working Memory (MW) were the only two areas significantly related to 

Math Calculation Skills.  The relationship between Math Calculation Skills and 
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Crystallized-Intelligence (Gc) is inconsistent with previous research that revealed a link 

between the two areas.  Regarding Math Reasoning, three areas were found to be 

significant, Crystallized-Intelligence (Gc), Fluid Reasoning (Gf), and Working Memory 

(MW).  Although Proctor did not look at the relationships between all narrow abilities, it 

is interesting that working memory, a narrow ability of Short-term Memory (Gsm), was 

found to be significant while its corresponding broad ability was not. 

According to research when considering the relationship between CHC broad 

abilities and achievement the focus should be placed on the narrow ability level (McGrew 

& Wendling, 2010).  Clearly, more research needs to be completed exploring beyond the 

broad abilities to the narrow abilities and their relationships with math achievement.  

Rationale 

It is clear, based on research, there is a connection between cognition and 

mathematics achievement.  However, what is not clear is the contribution the narrow 

cognitive abilities have on mathematics achievement.  The purpose of this study was to 

expand on previous research using the Woodcock-Johnson III Tests of Cognitive 

Abilities and Tests of Achievement by replicating portions of previous studies into one 

study.  McGrew and Wendling (2010) focused on the relationships between broad and 

narrow cognitive abilities and mathematics achievement of students at different age 

levels.  Proctor (2012) focused on the relationships between broad cognitive abilities and 

mathematics within a sample of college students with mathematics learning disability.  

Both researchers failed to look at the relationships between cognition and mathematics 

achievement within a sample of students identified with specific learning disability in the 

area of mathematics at the elementary, middle, or secondary level.  Also, the studies did 
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not include data gathered from a public school setting using formal and informal 

measures of intelligence.  Therefore, the current study is a more accurate reflection of 

students within special education programs in the public school setting in the Southwest 

region of Texas.   

Research Questions 

This study sought to provide an understanding of the relationships between 

cognition and mathematics achievement.  The study was driven by the questions: What 

are the relationships between the broad cognitive abilities of Crystallized-Intelligence 

(Gc) and Long-Term Retrieval (Glr), the narrow cognitive abilities General Verbal 

Information (KO), Lexical Knowledge (VL), Ideational Fluency (FI), and Associative 

Memory (MA) and mathematics achievement in students with specific learning disability 

in the area of mathematics?  To this end, the researcher used the CHC Theory of 

Cognitive Abilities, which is a well-validated contemporary theory of abilities.  The 

researcher acknowledges the SLD identification method used by the LEA which included 

RtI procedures in conjunction with Method III that focuses on the pattern of cognitive 

and academic ability and neuropsychological processing strengths and weaknesses, and 

the consideration of exclusionary factors early in the identification process (Flanagan et 

al., 2007).  With these guidelines in place, the researcher sought to answer the following 

questions:  

1. Are the broad cognitive abilities of Crystallized-Intelligence (Gc) and Long-Term 

Storage and Retrieval (Glr) predictors of the mathematics achievement clusters Math 

Calculation Skills and Math Reasoning? 
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2. Is the narrow cognitive ability of Ideational Fluency (FI) a stronger predictor of the 

mathematics achievement cluster Math Calculation Skills than the narrow cognitive 

ability Associative Memory (MA)? 

3. Is the narrow cognitive ability of General Verbal Information (KO) a stronger predictor 

of the mathematics achievement cluster Math Calculation Skills than the narrow 

cognitive ability Lexical Knowledge (VL)? 

4. Is the narrow cognitive ability of General Verbal Information (KO) a stronger predictor 

of the mathematics achievement cluster Math Reasoning than the narrow cognitive 

ability Lexical Knowledge (VL)? 

5. Is the narrow cognitive ability of Ideational Fluency (FI) a stronger predictor of the 

mathematics achievement cluster Math Reasoning than the narrow cognitive ability 

Associative Memory (MA)? 

6. Is Math Calculation Skills a statistically significant predictor of Math Reasoning? 

7. Are the models invariant between children with learning disabilities at different age 

levels? 

Summary 

There can be no denying that intelligence is an essential component in the 

learning process.  However, it is also becoming clear that overall intelligence is not the 

sole determinant of academic success.  Instead, intelligence is complex, demonstrating 

strengths and weaknesses within cognitive processes that manifest in a child’s ability to 

learn.  It is these individual cognitive processes acting alone and in conjunction with 

additional cognitive processes that can predict a child’s ability to learn specific areas of 

academics.  With the knowledge of specific cognitive processes needed at the narrow 
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ability level to increase learning, instruction and interventions can be strategically 

selected and implemented at the appropriate time in the child’s cognitive development to 

increase learning.     
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CHAPTER 3 

METHODOLOGY 

In the past, students within the public education setting were referred to special 

education for formal evaluation because of inadequate academic performance due to a 

suspected learning disability.  Interpretation of the assessment results focused on the 

relationships between the seven typically measured broad cognitive abilities, 

Crystallized-Intelligence (Gc), Long-term Storage and Retrieval (Glr), Short-term 

Memory (Gsm), Auditory Processing (Ga), Visual Processing (Gv), Fluid Reasoning 

(Gf), and Processing Speed (Gs) and achievement.  This information is essential, 

however, according to research it has become clear that it is the narrow abilities of 

cognition that has led to a better understanding of the connections between cognitive and 

achievement deficits and more importantly answers the question, “Now what?”  

With the use of the “third method” of SLD identification, relationships between 

narrow cognitive abilities and achievement are identified resulting in informed selection 

of researched based interventions that target academic deficit area(s).  To that end, this 

study utilized evaluation data to test the hypotheses presented in the previous chapter.  

All constructs were described using the language put forth by the authors of the cognitive 

and achievement measures, Woodcock, McGrew, and Mather (2001), as well as language 

commonly used when discussing CHC theory. 

Research Questions 

Based on the literature review, the following research questions were posed. Are 

the broad cognitive abilities of Crystallized-Intelligence (Gc) and Long-Term Storage and 

Retrieval (Glr) predictors of the mathematics achievement clusters Math Calculation 

51 



Texas Tech University, Angie Elkins, August, 2014 

Skills and Math Reasoning?  Is the narrow cognitive ability of Ideational Fluency (FI) a 

stronger predictor of the mathematics achievement cluster Math Calculation Skills than 

the narrow cognitive ability Associative Memory (MA)?  Is the narrow cognitive ability 

of General Verbal Information (KO) a stronger predictor of the mathematics achievement 

cluster Math Calculation Skills than the narrow cognitive ability Lexical Knowledge 

(VL)?  Is the narrow cognitive ability of General Verbal Information (KO) a stronger 

predictor of the mathematics achievement cluster Math Reasoning than the narrow 

cognitive ability Lexical Knowledge (VL)?  Is the narrow cognitive ability of Ideational 

Fluency (FI) a stronger predictor of the mathematics achievement cluster Math 

Reasoning than the narrow cognitive ability Associative Memory (MA)?  Is Math 

Calculation Skills a statistically significant predictor of Math Reasoning?  Are the models 

invariant between children with learning disabilities at different age levels?  

Rationale  

Research Design Decision 

Tabachnick and Fidell (2013) state researchers often find they may need to use 

more than one procedure to fully answer the research questions posed.  To answer the 

research questions, does one independent variable (IV) predict the dependent variable 

(DV) or is one IV a stronger predictor of the DV, a relationship between the variables 

must be established.  Descriptive, correlation, and inferential statistics were used to 

obtain information and data needed to reveal relationships between the variables.     

Limitations of Design  

A limitation of the research design included the inability to specify the area of 

reading disability, basic reading skills, reading comprehension, and/or reading fluency, 
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among the participants in the study with SLD in mathematics and reading.  Therefore, 

separate analyses comparing students with basic reading skills, reading comprehension, 

or reading fluency disabilities with math calculation skills and/or math reasoning 

disabilities were not completed.  Partitioning out disabilities may be an area of study for 

future research based on the prevalence of students with both reading and mathematics 

disabilities.  Lastly, correlation analysis is able to determine to some degree the 

relationship between two variables but the cause of the relationship is unclear 

(Tabachnick & Fidell, 2013).  Again, this may be an area for future research.   

Context of the Study 

Site 

The participants of the study were split into two mathematics disability groups, 

Math Calculation Skills n = 90 and Math Reasoning n = 96.  The participants were 

enrolled in a large public school within the South Plains region of Texas. The district was 

chosen based on the LEA’s agreement to participate in the study.  Data used in the 

current study were obtained through convenience sampling conducted by educational 

diagnosticians employed by the LEA.  The typical assessment arrangement within the 

public school setting can be described as an isolated room limited in visual stimulation 

and distraction.  Testing was conducted as directed in the Woodcock-Johnson III 

examiner’s manual (Mather & Woodcock, 2001).  Recommendations made include 

testing in a room that is quiet and comfortable with adequate ventilation and lighting.  

Additionally, it is recommended that a sign be posted on the outside of the door 

indicating testing is taking place to decrease the possibility of disruptions.  When 

possible, testing is conducted in a one-on-one situation including the test administrator 
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and the student being tested.  The testing administrator sits diagonally from the student 

allowing the testing administrator to have a clear visual line of the student as he/she 

works on tasks.  Materials required for testing are readily available for the testing 

administrator and the student.   

Data Sources 

To preserve anonymity, ethnicity, gender, and a breakdown of the number of 

students by SLD eligibility area was not available through the LEA.  However, the 

samples for this study are believed to be representative of the students with mathematics 

disability within the LEA population.  This conclusion was made based on the data being 

collected throughout the school district regardless of gender, ethnicity, socio-economic 

status, and parental education level.    

Participants 

Participants of the study included students age nine to fifteen years who, at the 

time of testing, were enrolled within the LEA and identified as a student with SLD in one 

or more of the following special education eligibility areas: Math Calculation, Math 

Problem Solving, Basic Reading Skills, Reading Comprehension, and/or Reading 

Fluency.  The age range for the current study was chosen, as closely as possible, to mirror 

the age ranges examined by McGrew and Wendling (2010) so a comparison of the results 

could be made.  Age ranges were also selected due to the availability of evaluation results 

in which all areas of cognition were assessed yielding the necessary standard scores for 

the study.  Students in the age range 9-15 are typically in grade three to grade ten.  

The initial sample size for analysis was 108.  Six participants were removed; four 

due to not meeting the SLD criteria of the study and two who did not meet the age 
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requirement.  The participants were then divided into two sample sets; Math Calculation 

Skills and Math Reasoning.  Of the 102 participants, nine participants were removed 

from the Math Calculation Skills sample due to meeting eligibility for Math Reasoning 

only.  Three participant scores were deemed severe outliers and were removed leaving 

the total number of participants for Math Calculation Skills sample n = 90.  Similarly, of 

the 102 participants, three participants were removed from the Math Reasoning sample 

due to meeting eligibility for Math Calculation Skills only, and three participant scores 

were considered severe outliers and were removed leaving a total of participants for Math 

Reasoning sample n = 96.  Refer to table 3.1 for a breakdown of participants by eligibility 

area(s) and age.  

Table 3.1 

Descriptive Statistical Findings of Participants by Eligibility and Age 
________________________________________________________________________ 
            
  MC sample    MR sample 
Age      Total   MC/Reading  Age      Total    MR/Reading       MC/MR 
________________________________________________________________________ 
9-12        43            38   9-12        45             40  40 
13-15        47            43   13-15        51             47  46 
Grand      Grand 
Total        90            81   Total        96             87  86 
________________________________________________________________________ 
 

To preserve anonymity, notation of the ethnicity and gender of the participants in 

the current study was omitted.  However, demographic information of the Special 

Education Program within the LEA (2013-2014) was available and reported in tables 3.2 

and 3.3.  It should be noted that the totals reported reflect all eligibility areas of special 

education.  Totals for the special education eligibility areas of SLD; Math Calculation 

and Math Problem Solving and for reading; Basic Reading Skills, Reading 
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Comprehension, and Reading Fluency were not available from the LEA.  Therefore, 

totals reflect the number of students within the LEA’s special education program 

regardless of eligibility.  

Table 3.2   

Special Education Student Demographic of LEA (2013-2014): Age and Gender 
________________________________________________________________________ 
 
Age as of 
9/1/2013       Female   Male 
  Total 
________________________________________________________________________ 
  9  81    162     243 
10  97    168     265 
11  108    172     280 
12  87    148     235 
13  110    169     279 
14  87    123     210 
15  96    121     217  
_______________________________________________________________________ 
 
Table 3.3   
 
Special Education Student Demographic of LEA (2013-2014): Ethnicity 
________________________________________________________________________ 
 
Ethnicity/Race      Total 
________________________________________________________________________ 
African American     633 
American Indian     143 
Asian         15 
Hispanic               1449 
Pacific Islander         2 
Two or More        74 
White       891 
Grand Total               3207 
________________________________________________________________________ 
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Exclusionary Criteria 

This study included participants with SLD in the areas of mathematics and 

reading only in order to improve upon previous research by Proctor (2012) and McGrew 

and Wendling (2010).  Participant disabilities in the Proctor study (2012) included: math, 

writing, and/or reading, processing deficits, unknown areas of disability, and attention-

deficit/hyperactivity disorder.  Proctor’s study (2012) also included a participant age 

range from 17 to 50 years of age.  McGrew and Wendling (2010) did not specifically 

state whether the participants met criteria as a student with SLD according to IDEA.  

A strict cutoff score for overall average IQ of ≥ 90 was not used in the current 

study.  Instead, a modified version of the CHC-based operational definition of SLD 

(Flanagan & Alfonso, 2011) was used to determine eligibility for special education 

services.  The following questions were applied: 1) Does the student display a significant 

normative deficit (SS < 85) in an academic skill despite adequate instruction and 

supplemental intervention?  2) Does the student display a significant normative deficit 

(SS < 85) in a cognitive ability and display a pattern of strengths and weaknesses in 

cognitive skills? 3) Is there an empirical or logical association between cognitive deficits 

and the academic deficits? 4) Is there a functional impairment?  Exclusionary factors 

such as vision, hearing, attendance, behavior, intellectual disability, and medical issues 

were ruled out as the primary cause for the academic deficits.  RtI results were considered 

in special education determination decisions.   

Limitations of Data Sources 

This study was limited to one school district and may not generalize to school 

districts in other areas.  Similarly, data used in the study was obtained from a single 
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measurement instrument, Woodcock-Johnson Tests of Cognitive Abilities and 

Achievement, and may not generalize to other measurement instruments.  Lastly, the 

decision to not adhere to a strict IQ cutoff score was made by the researcher to give a 

practical reflection of the process and eligibility criteria typically used in the public 

school setting.  Non-adherence to a strict IQ cutoff score may be considered a limitation 

by some researchers.   

Strengths of Data Sources 

Data were obtained using the Woodcock-Johnson Tests of Cognitive Abilities and 

Achievement which are standardized measurement instruments well-grounded in CHC 

theory.  The specificity of data used in this study that included the analyses of the SLD 

areas of mathematics, math problem solving and math calculation skills, versus overall 

mathematics achievement was considered a strength.  The authenticity of the data used in 

this study was considered a strength because it reflected typical cognitive and 

achievement abilities of students with SLD. 

Data Collection Methods 

Access 

Data for the selected cognitive and achievement areas addressed in the current 

study were obtained from the LEA.  As part of the evaluation process, parental consent 

for evaluation was obtained by the LEA with assurances of confidentiality.  This study 

was approved by the Texas Tech University Internal Review Board (IRB) and appears in 

Appendix A.   

Based on the criteria for this study, the LEA released anonymous student 

evaluation data obtained from Full and Individual Evaluations (FIE). Students with SLD 
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in one or more of the following eligibility area(s); Math Problem Solving, Math 

Calculation Skills, Basic Reading Skills, Reading Fluency, and/or Reading 

Comprehension were included in the current study.  Students who met SLD criteria in 

eligibility areas such as Written Expression, Oral Expression, and Listening 

Comprehension were not included in the study.  Additionally, students who met 

eligibility for Emotional Disturbance (ED), Speech Impairment (SI), Autism (AU), and 

Other Health Impairment (OHI), which includes students diagnosed with Attention 

Deficit Hyperactivity Disorder (ADHD), were not included in the current study. 

Measurement Instruments 

The measurement instruments used in the current study were the Woodcock-

Johnson III Tests of Cognitive Abilities (WJ-III Cog.) and the Woodcock-Johnson III 

Tests of Achievement (WJ-III Ach.).  This decision was intentional and based on the vast 

amount of research of the WJ III tests, the tests being well grounded in CHC theory, and 

the tests yielding standard scores of the broad and narrow cognitive abilities addressed in 

the current study.  Lastly, the WJ-III tests were selected for this study due to the tests 

being routinely used in the public school setting during the SLD identification process 

and when determination of educational planning and placement decisions are made.  The 

reliability and validity of the CHC theory has been the focus of extensive review and 

research and, therefore, will not be discussed in the current study.   

Woodcock-Johnson III (WJ-III) Test Reliability 

For this study, test reliability was ensured by internal consistency reliability 

methods in which a split-half procedure was used.  This procedure required the average 

correlation between items within a test be the same as the average correlation between 
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items from the hypothetical alternative form.  Using the split-half procedure the test is 

split into two smaller tests, such as even numbered items and odd numbered items.  The 

assumption of reliability is violated when a range of different scores are produced 

(McGrew, Schrank & Woodcock, 2007).  The median reliability of the tests, General 

Information, Verbal Comprehension, Visual-Auditory Learning, and Retrieval Fluency 

ranged from .85 to .92.  The median reliability of the clusters of Crystallized-Intelligence 

(Gc) and Long-term Storage and Retrieval (Glr) ranged from .88 to .95 (McGre, et al., 

2007). 

Woodcock-Johnson III Test Validity 

For this study, test validity refers to the degree to which empirical evidence and 

theory support the use and interpretation of the test (McGrew et al., 2007).  The 

Woodcock-Johnson III Tests of Cognitive Abilities and Tests of Achievement underwent 

a normative update in 2007.  Substantive validity, the degree to which test items and tests 

are judged to be of value and representative of the intended theoretical construct, was 

“ensured through the specification of test and cluster content derived from CHC theory” 

(McGrew et al., 2007).  The breadth of cognitive tests was increased due to each broad 

ability being made up of two or more qualitatively different narrow abilities and with 

each test measuring a single narrow ability.  The Woodcock-Johnson III Tests of 

Cognitive Abilities was appropriate for testing the cognitive abilities of Comprehension-

Knowledge (Gc) and Long-Term Storage and Retrieval (Glr) as documented by previous 

research presented in the literature review (Proctor et al., 2005; McGrew & Wendling, 

2010; Proctor, 2012; Floyd et al., 2003; & Fuchs et al., 2006).       
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Woodcock-Johnson III (WJ-III) Standardization 

The normative data for the Woodcock-Johnson III normative update are based on 

the selection of 8,782 subjects from more than 100 geographically diverse communities 

within the United States.  The subjects were randomly selected based on a sampling 

design that controlled for the following community and subject variables; census region, 

community size, sex, race, type of school, type of college/university, education of adults, 

occupational status of adults, occupation of adults in the labor force, and foreign-born.  

The sample of subjects from grade kindergarten through twelfth grade was composed of 

4.740 students.  Specifically, the breakdown of subjects by age which is relevant to the 

current study are as follows: age 9 with an n = 533, age 10 with an n = 579, age 11 with 

an n = 428, age 12 with an n = 352, age 13 with an n = 324, age 14 with an n = 291, and 

age 15 with an n = 302.  Individual tests are weighted with tests that measure 

Crystallized-Intelligence (Gc); Verbal Comprehension and General Information, and 

Fluid Reasoning (Gf); Concept Formation and Analysis-Synthesis, among the highest 

weighted tests (McGrew et al., 2007).  Cluster g-weighting, provides for optimal, 

internally valid, and developmentally sensitive cluster estimates of the theoretical 

construct of general intelligence (g) (McGrew et al., 2007)  

WJ-III Cognitive: Crystallized-Intelligence (Gc)   

This broad cognitive ability, Crystallized-Intelligence, was operationalized as the 

depth and breadth of knowledge and skills that are valued by one’s culture (Flanagan et 

al., 2013).  A standard score was obtained through the administration of the tests General 

Information and Verbal Comprehension.  In a sample of children and adolescents age 

<19, this broad ability has a median standard score of 101 (SD = 15) among the norming 
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sample, a median standard score of 95 (SD = 15) among students with mathematics 

disorder, and a median reliability of .95 (McGrew et al., 2007). 

WJ-III Cognitive: Long-term Storage and Retrieval (Glr)  

This broad cognitive ability, Long-term Storage and Retrieval, was 

operationalized as the ability to store, consolidate, and retrieve information over periods 

of time measured in minutes, hours, days, and years (Flanagan et al., 2013).  A standard 

score was obtained through the administration of the tests Retrieval Fluency and Visual-

Auditory Learning.  In a sample of children and adolescents age <19, this broad ability 

has a median standard score of 100 (SD = 15) among the norming sample, a median 

standard score of 93 (SD = 16) among students with mathematics disorder, and a median 

reliability of .88 (McGrew et al., 2007). 

WJ-III Cognitive: General Verbal Information (KO) 

This narrow cognitive ability, general verbal information, was operationalized as 

the breadth and depth of knowledge of one’s culture (Flanagan et al., 2013).  A standard 

score was obtained through the administration of the test General Information.  The 

General Information test consists of two subtests in which the student is required to 

respond to questions such as, “Where would you find ... (an object)?“ and “What would 

you do with ... (an object)?“ (Woodcock, McGrew & Mather, 2001).  The level of 

difficulty increases from commonly known objects to unusual objects.  This test has a 

median reliability of .89 (McGrew et al., 2007). 

WJ-III Cognitive: Lexical Knowledge (VL) 

The narrow cognitive ability, lexical knowledge, was operationalized as the extent 

of vocabulary that can be understood in terms of correct lexical (word) knowledge.  A 
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standard score was obtained through the administration of the test Verbal Comprehension 

consists of four subtests: Picture Vocabulary, Synonyms, Antonyms, and Verbal 

Analogies.  Sample items for the Picture Vocabulary test require the student to point to a 

picture representing a given word.  Later items require the student to supply the word for 

a given picture.  The subtests Synonyms and Antonyms measure an aspect of vocabulary 

knowledge.  The student is given a word and is required to supply a synonym or 

antonym.  Lastly, the subtest of Verbal Analogies requires the student to listen to three 

words of an analogy and complete the analogy with a fourth word.  The Verbal 

Comprehension test has a median reliability of .92 (McGrew et al., 2007). 

WJ-III Cognitive: Associative Memory (MA) 

The narrow cognitive ability, associative memory, was operationalized as the 

ability to remember previously unrelated information as having been paired.  A standard 

score was obtained through the administration of the test Visual-Auditory Learning in 

which the student is required to learn and recall pictographic representations of words 

(rebuses).  The Visual-Auditory Learning test has a median reliability of .86 (McGrew et 

al., 2007). 

WJ-III Cognitive: Ideational Fluency (FI) 

The narrow cognitive ability, ideational fluency, was operationalized as the ability 

to rapidly produce a series of ideas, words, or phrases related to a specific condition or 

object. A standard score was obtained through the administration of the test Retrieval 

Fluency in which the student is required to name as many examples as possible from a 

given category within a 1-minute time period.  The Retrieval Fluency test has a median 

reliability of .85 (McGrew et al., 2007). 
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Woodcock-Johnson III Tests of Achievement (WJ-III) 

Standard scores for Math Reasoning and Math Calculation Skills were obtained 

through the administration of subtests; Applied Problems, Quantitative Concepts, Math 

Fluency, and Calculation.  These tests measure the following mathematics skills and 

knowledge; computational skills, automaticity, quantitative concepts, mathematics 

knowledge, and reasoning abilities.  The specifics of the constructs of Math Reasoning 

and Math Calculation Skills are discussed below.  

WJ-III Achievement: Math Calculation Skills Test 

Standard scores for this cluster are obtained by the administration of test five: 

Calculations and test six: Math Fluency.  The Calculations test is not administered with 

time constraints.  Difficulty increases with the initial items requiring the individual to 

write single digits and advances to performance of math skills such as addition, 

subtraction, multiplication, division, and combinations of these basic operations.  

Individuals are also required to perform calculations involving negative numbers, 

percents, decimals, fractions, and whole numbers.  It should be noted that the individual 

is not required to make decisions regarding operation selection.  The Calculation test has 

the median reliability of .86 (McGrew et al., 2007). Math Fluency is administered with a 

time constraint.  The student is presented with basic addition, subtraction, and 

multiplication equations (1x1 and 2x1) and given the time constraint of 3 minutes to 

determine the individual’s fluency of basic math skills.  The Math Fluency test has a 

median reliability of .98 (McGrew et al., 2007).  These tests give an overall measure of 

this cluster and provide information on the examinee’s basic mathematics skills.  The 

cluster Math Calculation has a median reliability of .91 (McGrew et al., 2007). 
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WJ-III Achievement: Math Reasoning Tests  

This cluster consists of two tests which provide a measure of the examinee’s 

abilities in mathematical knowledge and reasoning such as problem solving, analysis, 

reasoning, and vocabulary.  Standard scores for this cluster are obtained by the 

administration of test 10: Applied Problems and test 18: Quantitative Concepts.  There is 

no time constraint for either test.  The Applied Problems test requires the student to listen 

to the problem, recognize the procedure and solve the problem.  The student must 

determine what information is needed to solve the problem discarding extraneous 

information.  This test has a median reliability of .93 (McGrew et al., 2007).  The 

Quantitative Concepts test consists of two subtests; Concepts and Number Series.  The 

Concepts subtest requires counting, identification of numbers, shapes, and sequences as 

well as knowledge of mathematical terms and formulas.  The second subtest, Number 

Series, requires the student to recognize a pattern and provide a missing number when 

presented with a number series.  Quantitative Concepts has a median reliability of .91 

(McGrew et al., 2007).  The cluster Math Reasoning has a median reliability of .95 

(McGrew et al., 2007).   

Data Analysis 

Data analysis began with a review of students’ Full and Individual Evaluations 

(FIE) obtained from the LEA to determine if the results met participation criteria for the 

current study.  Woodcock-Johnson III Cognitive and Achievement tests were 

administered by certified educational diagnosticians as part of the assessment process.  

The researcher used descriptive, correlation, and inferential statistics and Statistical 

Package for the Social Sciences (SPSS) software to complete the statistical analyses.  
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Creating Data Sets 

The researcher reviewed the de-identified evaluation results to ensure each 

participant met the requirements of the study.  The participant data were numbered for 

identification purposes.  Next, the researcher transferred the evaluation standard scores 

for the cognitive and achievement areas addressed in the study to a spreadsheet format.  

Data sets were created for the two mathematics eligibility areas, Math Calculation Skills 

and Math Reasoning.    

Analysis Procedure 

To complete the current study, the researcher analyzed the relationships between 

the broad and narrow cognitive abilities of Crystallized-Intelligence (Gc), Long-term 

Storage and Retrieval (Glr), General Verbal Information (KO), Lexical Knowledge (VL), 

Ideational Fluency (FI), and Associative Memory (MA) with the mathematics 

achievement clusters Math Calculation Skills and Math Reasoning.  Data was 

summarized using descriptive statistics in which measures of central tendency, measures 

of variability, and measures of relationship were examined.  Inferential statistics (t-test) 

was completed to determine if there were differences in mean standard scores between 

students age 9-12 and 13-15.  Pearson’s r was conducted to determine the strength of 

relationships between variables among the sample group and at different age levels.    

Statistical Package for the Social Sciences (SPSS) 

The Statistical Package for the Social Sciences version 20 released in 2011 (SPSS 

IBM, New York, U.S.A.) was the computer program used when completing the statistical 

data analysis for the study.  A distinctive feature of SPSS is its flexibility.  SPSS is also 
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user friendly and comprehensive.  The statistical significance alpha was set at .05 

probability for this study.        

Specific Data Analysis Techniques 

The data collected were nominal categorical on an interval scale and consisted of 

standard scores that were reported as part of the participant’s Full and Individual 

Evaluation (FIE) during the special education initial referral process or during the 

required three-year reevaluation process. Standard scores for the dependent variables, 

Math Calculation Skills and Math Reasoning, were obtained from the WJ-III Tests of 

Achievement and standard scores for the independent variables, Crystallized-Intelligence 

(Gc), Long-term Retrieval (Glr), General Verbal Information (KO), Lexical Knowledge 

(VL), Ideational Fluency (FI), and Associative Memory (MA), were obtained from the 

WJ-III Tests of Cognitive Abilities.       

Reliability, Validity, and Generalizability 

The reliability and validity of this study are in part inherent due to the 

standardization of the Woodcock-Johnson III Tests of Cognitive Abilities and 

Woodcock-Johnson III Tests of Achievement and extensive research of the CHC theory 

of cognition.  However, when dealing with human beings adjustments are commonly 

made.  The adjustments made in this study include sample size, age levels, and analyses 

completion.  This study may not be generalized with the general population.  This study 

used participants that were previously identified with SLD in the area of Math 

Calculation Skills and/or Math Reasoning and other areas of eligibility which may 

include Basic Reading Skills, Reading Comprehension, and/or Reading Fluency.   
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Sample Size 

General rules of thumb are N ≥ 50 + 8m (where m is the number of IVs) for 

testing multiple correlations and N ≥ 104 + m for testing predictors (Tabachnick & 

Fidell, 2013).  The current study included an overall sample size for Math Calculation 

Skills n = 90, age 9-12 n = 43, and age 13-15 n = 47 and an overall sample size for Math 

Reasoning n = 96, age 9-12 n = 45 and age 13-14 n = 51.  Tabachnick and Fidell (2013) 

state when all else is equal, the larger the sample size, the greater the power.  Therefore, 

sample size may explain the low power estimates found in the current study.  

Manipulation and Bias 

In phase one of the data collection process, certified educational diagnosticians 

employed by the LEA administered the assessments, collected and de-identified all data 

prior to sending it to the LEA’s lead diagnostician.  In phase two of this process, the 

LEA’s lead diagnostician again reviewed the data to ensure the data had been de-

identified prior to the data being given to the researcher.  This procedure prevented 

researcher bias and data manipulation during the testing, scoring, collection, or analysis 

portion of the study.  

Assumptions 

The following statistical assumptions were met.  The assumption that the 

independent variables are related to the dependent variable and vis-versa was confirmed 

by plotting the studentized residuals against the predicted values in which the residuals 

formed a horizontal band.  Similarly, this plot confirmed the assumption of 

homoscedasticity by depicting an equal distribution of residuals over the predicted values 

of the dependent variable.  Outliers were detected and removed from the sample set by 
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conducting a Mahalanobis Distance measure.  Statistical and graphical methods assessed 

the normality of the variables.  Statistical methods included a review of skewness and 

kurtosis measures, and the graphical methods included a review of the histograms, P-P 

Plots, and Q-Q Plots.  Results of the skewness and kurtosis measures ranged from a 

moderately negative skewness to approximately symmetrical with the dependent 

variables Math Calculation Skills and Math Reasoning.  The analysis moved forward 

having met all assumptions. 

Summary 

The researcher was given evaluation data collected by educational diagnosticians 

from the participating LEA.  Students previously identified with SLD in Math 

Calculation Skills and/or Math Reasoning was included in the study.  Due to the 

prevalence of mathematics and reading disability an adjustment was made to include 

students with SLD in Basic Reading Skills, Reading Comprehension, and/or Reading 

Fluency along with Math Calculation Skills and/or Math Reasoning.  The researcher 

analyzed the relationships between mathematics achievement, as measured by WJ-III 

Tests of Achievement, and the broad and narrow cognitive abilities, as measured by WJ-

III Tests of Cognitive Abilities, using descriptive, correlation, and inferential statistics.  

In the following chapters, the researcher reviews the results of the study and discusses the 

study’s implications. 
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CHAPTER 4 

RESULTS 

Few studies have focused on the relationships between the narrow cognitive 

abilities that are essential for mathematics achievement within a sample of students with 

SLD.  This study examined the relationships between cognition and mathematics 

achievement to discover which broad and narrow cognitive abilities play an important 

role in mathematics achievement for students with SLD.  This information will give 

educators the ability to make informed decisions regarding instruction and intervention 

placement which will help students bypass weaknesses.  Lastly, this information will 

enable professionals to target assessment to specific skill deficit areas.    

  Descriptive Statistical Findings 

Review of FIE results from students of a single public school district located in 

the South Plains region of Texas of the United States formed the data sets for this study.  

Participants of this study were age 9-15 years and identified as students with SLD in 

Math Calculation Skills and/or Math Reasoning.  Due to the prevalence of combined 

reading and arithmetic disabilities (Greshan & Vellutino, 2010; Dirks et. al., 2008), 

participants who met special education SLD eligibility for Basic Reading Skills, Reading 

Comprehension, and Reading Fluency in addition to math were also accepted into the 

study.  This adjustment led to a sample size for Math Calculations n = 90 with 81 of the 

participants identified with SLD in mathematics and reading and a sample size for Math 

Reasoning n = 96 with 87 of the participants identified with SLD in mathematics and 

reading.  Eighty-six students were identified as students with SLD in Math Calculation 

Skills and Math Reasoning.  
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Math Calculation Skills Group Results 

Math Calculation Skills 

The Math Calculation Skills (MCS) standard score mean for the participants, as 

assessed by the Calculation and Math Fluency subtests of the Woodcock-Johnson III 

Tests of Achievement, was 70.48 with a standard deviation of 10.22.  Median MCS score 

was 72; variance was 104.48; skewness was -.72; kurtosis was .04.  Standard scores 

ranged from a minimum of 41 to a maximum of 84. 

Crystallized-Intelligence (Gc)    

The Crystallized-Intelligence (Gc) standard score mean for participants, as 

assessed by the Verbal Comprehension and General Information subtests of the 

Woodcock-Johnson III Tests of Cognitive Abilities, was 82.27 with a standard deviation 

of 7.69.  Median Gc score was 83; variance was 59.12; skewness was -.22; kurtosis was 

.40. Standard scores ranged from a minimum of 60 to a maximum of 102.  The median 

standard score of 83 for participants in the current study represents a lower median 

standard score than that of 101 for students in the WJ-III Normative Update (NU) 

Norming Sample and 95 for students in the WJ-III NU Norming Sample with 

mathematics disorder. 

Lexical Knowledge (VL) 

The Lexical Knowledge (VL) standard score mean for participants, as assessed by 

the Verbal Comprehension subtest of the Woodcock-Johnson III Tests of Cognitive 

Abilities, was 82.01 with a standard deviation of 6.48.  Median VL score was 81; 

variance was 42.03; skewness was .10; kurtosis was -.07. Standard scores ranged from a 

minimum of 66 to a maximum of 99. 
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General Verbal Information (KO) 

The General Verbal Information (KO) standard score mean for participants, as 

assessed by the General Information subtest of the Woodcock-Johnson III Tests of 

Cognitive Abilities, was 84.47 with a standard deviation of 10.05.  Median KO score was 

84.50; variance was 101.04; skewness was .11; kurtosis was -.26. Standard scores ranged 

from a minimum of 61 to a maximum of 107. 

Long-term Storage and Retrieval (Glr) 

The Long-term Storage and Retrieval (Glr) standard score mean for participants, 

as assessed by the Retrieval Fluency and Visual-Auditory Learning subtests of the 

Woodcock-Johnson III Tests of Cognitive Abilities, was 82.78 with a standard deviation 

of 14.50.  Median Glr score was 83; variance was 210.38; skewness was -.02; kurtosis 

was -.23. Standard scores ranged from a minimum of 50 to a maximum of 118.  The 

median standard score of 83 for participants in the current study represents a lower 

median standard score than that of 100 for students in the WJ-III Normative Update (NU) 

Norming Sample and 93 for students in the WJ-III NU Norming Sample with 

mathematics disorder. 

Associative Memory (MA) 

The Associative Memory (MA) standard score mean for participants, as assessed 

by the Visual-Auditory Learning subtest of the Woodcock-Johnson III Tests of Cognitive 

Abilities, was 84.67 with a standard deviation of 15.35.  Median MA score was 85.50; 

variance was 235.55; skewness was -.11; kurtosis was .48. Standard scores ranged from a 

minimum of 44 to a maximum of 131. 
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Ideational Fluency (FI) 

The Ideational Fluency (FI) standard score mean for participants, as assessed by 

the Retrieval fluency subtest of the Woodcock-Johnson III Tests of Cognitive Abilities, 

was 87.17 with a standard deviation of 12.62.  Median FI score was 88; variance was 

159.29; skewness was .24; kurtosis was -.30. Standard scores ranged from a minimum of 

62 to a maximum of 125. 

Math Reasoning Group Results 

Math Reasoning 

The Math Reasoning (MR) standard score mean for participants, as assessed by 

the Applied Problems and Quantitative Concepts subtests of the Woodcock-Johnson III 

Tests of Achievement, was 74.05 with a standard deviation of 7.61.  Median MR score 

was 75; variance was 57.88; skewness was -.63; kurtosis was -.44. Standard scores 

ranged from a minimum of 55 to a maximum of 85.  

Crystallized-Intelligence (Gc)    

The Crystallized-Intelligence (Gc) standard score mean for participants, as 

assessed by the Verbal Comprehension and General Information subtests of the 

Woodcock-Johnson III Tests of Cognitive Abilities, was 81.78 with a standard deviation 

of 7.29.  Median Gc score was 81; variance was 53.12; skewness was .08; kurtosis was 

.01. Standard scores ranged from a minimum of 64 to a maximum of 102.  The median 

standard score of 81 for participants in the current study represents a lower median 

standard score than that of 101 for students in the WJ-III Normative Update (NU) 

Norming Sample and 95 for students in the WJ-III NU Norming Sample with 

mathematics disorder. 
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Lexical Knowledge (VL) 

The Lexical Knowledge (VL) standard score mean for participants, as assessed by 

the Verbal Comprehension subtest of the Woodcock-Johnson III Tests of Cognitive 

Abilities, was 81.52 with a standard deviation of 6.66.  Median VL score was 81; 

variance was 44.29; skewness was .17; kurtosis was .09. Standard scores ranged from a 

minimum of 66 to a maximum of 99. 

General Verbal Information (KO) 

The General Verbal Information (KO) standard score mean for participants, as 

assessed by the General Information subtest of the Woodcock-Johnson III Tests of 

Cognitive Abilities, was 84.04 with a standard deviation of 9.49.  Median KO score was 

82.50; variance was 90.02; skewness was .26; kurtosis was -.31. Standard scores ranged 

from a minimum of 65 to a maximum of 107. 

Long-term Storage and Retrieval (Glr) 

The Long-term Storage and Retrieval (Glr) standard score mean for participants, 

as assessed by the Retrieval Fluency and Visual-Auditory Learning subtests of the 

Woodcock-Johnson III Tests of Cognitive Abilities, was 82.06 with a standard deviation 

of 13.73.  Median Glr score was 83; variance was 188.61; skewness was -.16; kurtosis 

was -.19. Standard scores ranged from a minimum of 50 to a maximum of 113.  The 

median standard score of 83 for participants in the current study represents a lower 

median standard score than that of 100 for students in the WJ-III Normative Update (NU) 

Norming Sample and 93 for students in the WJ-III NU Norming Sample with 

mathematics disorder. 

74 



Texas Tech University, Angie Elkins, August, 2014 

Associative Memory (MA) 

The Associative Memory (MA) standard score mean for participants, as assessed 

by the Visual-Auditory Learning subtest of the Woodcock-Johnson III Tests of Cognitive 

Abilities, was 83.43 with a standard deviation of 14.75.  Median MA score was 85; 

variance was 217.53; skewness was -.40; kurtosis was -.01. Standard scores ranged from 

a minimum of 44 to a maximum of 113. 

Ideational Fluency (FI) 

The Ideational Fluency (FI) standard score mean for participants, as assessed by 

the Retrieval fluency subtest of the Woodcock-Johnson III Tests of Cognitive Abilities, 

was 87.98 with a standard deviation of 12.46.  Median FI score was 90; variance was 

155.33; skewness was .14; kurtosis was -.41. Standard scores ranged from a minimum of 

62 to a maximum of 125. 

Inferential Statistics 

t-Test Results: Math Calculation Skills Group 

An independent-sample t-test was run to determine if there were differences in 

mean standard scores between participants age 9-12 and 13-15.  There were 43 students 

age 9-12 and 47 students age 13-15.  Among the participants in the Math Calculation 

Skills group, there was a statistically significant difference in the mean score of Long-

term Storage and Retrieval (Glr) and Associative Memory (MA).  Regarding Long-term 

Storage and Retrieval (Glr) there were no outliers in the data, as assessed by inspection of 

a boxplot.  Long-term Storage and Retrieval (Glr) scores for students 9-12 and 13-15 

were normally distributed, as assessed by review of skewness and kurtosis, and there was 

homogeneity of variances, as assessed by Levene’s test of equality of variances (p = .64).  
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The Long-term Storage and Retrieval (Glr) standard score was higher for students age 

13-15 (M = 86.02, SD = 14.59) than students 9 -12 (M = 79.23, SD = 13.71), a 

statistically significance difference, M = 6.79, 95% CI [.84 to 12.73], t(88) = 2.27, p = 

.03.  Therefore, the null hypothesis, there is no difference in standard scores between age 

groups, is rejected.  Further, Cohen’s effect size value (ɖ = .48) suggested a small to 

moderate practical significance and low power 1-β = .73 was revealed.  

Regarding Associative Memory (MA), there were no outliers in the data, as 

assessed by inspection of a boxplot.  Associative Memory (MA) scores for students 9-12 

and 13-15 were normally distributed, as assessed by review of skewness and kurtosis, and 

there was homogeneity of variances, as assessed by Levene’s test of equality of variances 

(p = .79).  The Associative Memory (MA) standard score was higher for students age 13-

15 (M = 88.36, SD = 14.64) than students 9 -12 (M = 80.63, SD = 15.25), a statistically 

significance difference, M = 7.73, 95% CI [1.47 to 14.00], t(88) = 2.45, p = .02.  

Therefore, the null hypothesis, there is no difference in standard scores between age 

groups, is rejected.  Further, Cohen’s effect size value (ɖ = .52) suggested a moderate 

practical significance and low power 1-β = .78 was revealed.  There were no statistically 

significant difference in mean standard scores among participants age 9-12 and age 13-15 

in the remaining areas of cognition and math calculation skills.  Refer to table 4.1 for 

additional information. 
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Table 4.1 

Comparison of Mean Standard Scores of MCS and Cognitive Ability  

________________________________________________________________________ 
 
Cog/ Age n M SD    t df p 95%             ɖ       1-β   
Ach        CI 
________________________________________________________________________ 
MCS     
 9-12 43 72.56  9.74    -  -  -   -  
 13-15 47 68.57 10.38    -  -  -   - 
 Total 90        70.48 10.22  1.87 88      .06     -.24-8.21        .40     .59  
Glr    
 9-12 43 79.23 13.71    -  - -           -   
 13-15 47 86.02 14.59    -  -  - - 
 Total 90 82.78 14.50 -.2.27 88     .03*  -.84--12.73       .48      .73  
Gc  
 9-12 43 83.07 9.42   -  - -   - 
 13-15 47 81.53 5.67   -   - -   - 
 Total 90 82.27 7.69 .93 88      .36     -1.77-4.85       .20      .24 
VL   
 9-12 43 83.00 7.41  -  -  -   - 
 13-15 47 81.11 5.43  -  -  -   - 
 Total 90 82.01 6.48 1.37 88       .17     -.85-4.64        .29      .39 
KO  
 9-12 43 86.12 11.90  -  -  -   - 
 13-15 47 82.96 7.84  -  -  -   - 
 Total 90 84.47 10.05 1.50 88       .15    -1.12-7.43       .31      .43 
MA   
 9-12 43 80.63 15.25  -  -  -   -  
 13-15 47 88.36 14.64  -  -  -   - 
 Total 90 84.67 15.35 -2.45 88       .02*   -1.47--14.00   .52      .78 
FI   
 9-12 43 88.19 13.08  -  -  -    - 
 13-15 47 86.23 12.26  -  -  -    - 
 Total 90 87.17 12.62 .73 88       .47     -3.36-7.26       .15      .18 
________________________________________________________________________ 
* p < .05 
Note. MCS = Math Calculation Skills; Glr = Long-term Storage and Retrieval; Gc = 
Crystallized-Intelligence; VL = Lexical Knowledge; KO = General Verbal Information; 
MA = Associative Memory; FI = Ideational Fluency.  
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t-Test Results: Math Reasoning Group   

An independent-sample t-test was run to determine if there were differences in 

mean standard scores between participants age 9-12 and 13-15.  There were 45 students 

age 9-12 and 51 students age 13-15.  Among the participants in the Math Reasoning 

group, there was a statistically significant difference in the mean score of Long-term 

Storage and Retrieval (Glr) and Associative Memory (MA), and General Verbal 

Information (KO).  Regarding Long-term Storage and Retrieval (Glr) there were no 

outliers in the data, as assessed by inspection of a boxplot.  Long-term Storage and 

Retrieval (Glr) scores for students 9-12 and 13-15 were normally distributed, as assessed 

by review of skewness and kurtosis, and there was homogeneity of variances, as assessed 

by Levene’s test of equality of variances (p = .23).  The Long-term Storage and Retrieval 

(Glr) standard score was higher for students age 13-15 (M = 85.94, SD = 14.24) than 

students 9 -12 (M = 77.67, SD = 11.81), a statistically significance difference, M = 8.28, 

95% CI [2.93 to 13.62], t(94) = 3.07, p = .00.  Therefore, the null hypothesis, there is no 

difference in standard scores between age groups, is rejected.  Further, Cohen’s effect 

size value (ɖ = .63) suggested a moderate to large practical significance and adequate 

power 1-β = .92 was revealed.  

Regarding Associative Memory (MA), there were no outliers in the data, as 

assessed by inspection of a boxplot.  Associative Memory (MA) scores for students 9-12 

and 13-15 were normally distributed, as assessed by review of skewness and kurtosis, and 

there was homogeneity of variances, as assessed by Levene’s test of equality of variances 

(p = .46).  The Associative Memory (MA) standard score was higher for students age 13-

15 (M = 88.18, SD = 14.52) than students 9 -12 (M = 78.04, SD = 13.21), a statistically 
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significance difference, M = 10.13, 95% CI [4.48 to 15.78], t(94) = 3.56, p = .00.  

Therefore, the null hypothesis, there is no difference in standard scores between age 

groups, is rejected.  Further, Cohen’s effect size value (ɖ = .73) suggested a moderate to 

large practical significance and adequate power 1-β = .97 was revealed.   

Regarding General Verbal Information (KO), there were no outliers in the data, as 

assessed by inspection of a boxplot.  General Verbal Information (KO) scores for 

students 9-12 and 13-15 were normally distributed, as assessed by review of skewness 

and kurtosis, and there was not homogeneity of variances, as assessed by Levene’s test of 

equality of variances (p = .01).  The General Verbal Information (KO) standard score was 

higher for students age 9-12 (M = 86.11, SD = 10.81) than students 13-15 (M = 82.22, SD 

= 7.80), a statistically significance difference, M = 3.90, 95% CI [.02 to 7.77], t(94) = 

2.00, p = .05.  Is a borderline result, therefore, the null hypothesis, there is no difference 

in standard scores between age groups, is rejected.  Further, Cohen’s effect size value (ɖ 

= .41) suggested a moderate to large practical significance and adequate power 1-β = .64 

was revealed.  There were no statistically significant difference in mean standard scores 

among participants age 9-12 and age 13-15 in the remaining areas of cognition and math 

reasoning.  Refer to table 4.2 for additional information.  
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Table 4.2 

Comparison of Mean Standard Scores of MR and Cognitive Ability 
________________________________________________________________________ 
 
Cog/ Age n M SD    t df p     95%             ɖ       1-β      
Ach            CI 
________________________________________________________________________ 
MR    
 9-12 45 74.78 7.61  - - -         -  
 13-15 51 73.41 7.63  - - -         - 
 Total 96 74.05 7.61 .88 94 .38 -1.73-4.46       .18       .22 
Glr  
 9-12 45 77.67 11.81  -  -  -         -  
 13-15 51 85.94 14.24  -  -  -         - 
 Total 96 82.06 13.73 3.07 94 .00* 2.93-13.62 .63       .92 
Gc    
 9-12 45 82.64 8.70   -  -  -         -  
 13-15 51 81.02 5.75  -  -  -         - 
 Total 96 81.78 7.29 1.06 94 .29 -1.42-4.67        .22       .28 
VL     
 9-12 45 82.02 8.10  -  -  -         -   
 13-15 51 81.08 5.11  -  -  -         - 
 Total 96 81.52 6.66 .67 94 .50 -1.85-3.74        .14       .17 
KO    
 9-12 45 86.11 10.81  -  -  -         -  
 13-15 51 82.22 7.80  -  -  -         -  
 Total 96 84.04 9.49 2.00 94 .05* .02-7.77           .41       .64 
MA     
 9-12 45 78.04 13.21  -  -  -        - 
 13-15 51 88.18 14.52  -  -  -        - 
 Total 96 83.43 14.75 3.56 94 .00* 4.48-15.78       .73 .97  
FI    
 9-12 45 89.87 12.96  -  -  -        -  
 13-15 51 86.31 11.89  -  -  -         - 
 Total 96 87.98 12.46 1.40 94 .17 -1.48-8.59       .29       .40 
________________________________________________________________________ 
* p < .05 
Note. MR = Math Reasoning; Glr = Long-term Storage and Retrieval; Gc = Crystallized-
Intelligence; VL = Lexical Knowledge; KO = General Verbal Information; MA = 
Associative Memory; FI = Ideational Fluency. 
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Summary of Descriptive and Inferential Statistical Findings 

According to demographic information obtained from the LEA, the average 

student in the current study was likely a Hispanic male age 11 years.  The mean standard 

scores for the Math Calculation Skills Group displayed in Figure 4.1 indicate MCS 

performance among student with SLD in mathematics and reading that were included in 

the current study: 70.48 for Math Calculation Skills (MCS) (as assessed by the WJ-III 

Tests of Achievement); 82.27 for Crystallized-Intelligence (Gc); 82.01 for Lexical 

Knowledge (VL); 84.47 for General Verbal Information (KO); 82.78 for Long-term 

Storage and Retrieval (Glr); 84.67 for Associative Memory (MA); 87.17 for Ideational 

Fluency (FI) (as assessed by the WJ-III Tests of Cognitive Abilities). 

0

20

40

60

80

100

M
ea

n 
St

an
da

rd
 S

co
re

s

MCS Gc VL KO Glr MA FI

MCS and Cognitive Abilities

Figure 4.1 Mean Standard Scores of MCS and Cognitive Abilities

 

The mean standard scores for the Math Reasoning Group are displayed in Figure 

4.2 and indicate Math Reasoning performance among student with SLD in mathematics 

and reading that were included in the current study: 74.05 for Math Reasoning (as 

assessed by the WJ-III Tests of Achievement); 81.78 for Crystallized-Intelligence; 81.54 

for Lexical Knowledge; 84.04 for General Verbal Information; 82.06 for Long-term 
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Storage and Retrieval; 83.43 for Associative Memory; 87.98 for Ideational Fluency (as 

assessed by the WJ-III Tests of Cognitive Abilities). 
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Figure 4.2 Mean Standard Scores of MR and Cognitive Abilities

 
 

Although Figures 4.1 and 4.2 give an overall picture of performance regarding 

mathematics and cognitive abilities, the mean standard scores do not provide an 

explanation of the relationships between the broad and narrow cognitive abilities and 

math achievement.   

The Independent samples t-test results indicated that participants age 9-12 in the 

Math Calculation Skills and Math Reasoning groups presented with statistically 

significant lower standard scores in the broad cognitive ability of Long-term Storage and 

Retrieval (Glr) and the narrow cognitive ability Associative Memory (MA).  However, 

participants age 9-12 in the Math Reasoning group presented with statistically significant 

higher standard score in the narrow cognitive ability of General Verbal Information (KO) 

than participants age 13-15.  Remaining relationships between the areas of cognition and 

mathematics achievement were not statistically significant. To understand the 

82 



Texas Tech University, Angie Elkins, August, 2014 

relationships between the areas of cognition and mathematics achievement and to answer 

the research questions asked in the current study correlation analyses were completed. 

 Research Question Results 

Broad Abilities and Mathematics Achievement 

The first research question of the study, “Are the broad cognitive abilities of 

Crystallized-Intelligence (Gc) and Long-Term Storage and Retrieval (Glr) predictors of 

the mathematics achievement clusters Math Calculation Skills and Math Reasoning?” 

was answered with the correlation findings.  The researcher used Pearson’s r correlation 

analysis in which no statistically significant relationship was found between the broad 

abilities of Crystallized-Intelligence (Gc) and Long-term Storage and Retrieval (Glr) and 

the mathematics clusters Math Calculation Skills and Math Reasoning.  The correlation 

results appear in Table 4.3. 

Table 4.3 

Correlation between MCS and MR and Gc and Glr 
________________________________________________________________________ 

Achievement    Gc Glr  
Cluster 
________________________________________________________________________ 
 
MCS                          -.06     -.09 
 
MR     .09 .13  
________________________________________________________________________ 
Note. MR = Math Reasoning; MCS = Math Calculation Skills; Glr = Long-term Storage 
and Retrieval; Gc = Crystallized-Intelligence.  
* p < .05. 
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Narrow Abilities and Mathematics Achievement 

 The second research question of the study, “Is the narrow cognitive ability of 

Ideational Fluency (FI) a stronger predictor of the mathematics achievement cluster Math 

Calculation Skills than the narrow cognitive ability Associative Memory (MA)?” was 

also answered with the correlation findings.  The researcher used Pearson’s r correlation 

analysis in which no statistically significant relationship was found between the narrow 

cognitive abilities of Ideational Fluency (FI) and Associative Memory (MA) and the 

mathematics cluster Math Calculation Skills.  The correlation results appear in Table 4.4.  

Table 4.4 

Correlation between MCS and MA and FI 
________________________________________________________________________ 

     MA FI 
________________________________________________________________________ 
 
MCS     -.09     -.02 
________________________________________________________________________ 
Note. MCS = Math Calculation Skills; MA = Associative Memory; FI = Ideational 
Fluency.  
* p < .05. 
 

The third research question of the study, “Is the narrow cognitive ability of 

General Verbal Information (KO) a stronger predictor of the mathematics achievement 

cluster Math Calculation Skills than the narrow cognitive ability Lexical Knowledge 

(VL)?” was also answered with the correlation findings.  The researcher used Pearson’s r 

correlation analysis in which no statistically significant relationship was found between 

the narrow cognitive abilities of General Verbal Information (KO) and Lexical 

Knowledge (VL) and the mathematics cluster Math Calculation Skills.  The correlation 

results appear in Table 4.5.  
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Table 4.5 

Correlation between MCS and KO and VL 
________________________________________________________________________ 

     KO VL 
________________________________________________________________________ 
 
MCS     -.07 .02 
________________________________________________________________________ 
Note. MCS = Math Calculation Skills; KO = General Verbal Information; VL = Lexical 
Knowledge.  
* p < .05. 
 

The fourth research question of the study, “Is the narrow cognitive ability of 

General Verbal Information (KO) a stronger predictor of the mathematics achievement 

cluster Math Reasoning than the narrow cognitive ability Lexical Knowledge (VL)?” was 

also answered with the correlation findings.  The researcher used Pearson’s r correlation 

analysis in which no statistically significant relationship was found between the narrow 

cognitive abilities of General Verbal Information (KO) and Lexical Knowledge (VL) and 

the mathematics cluster Math Calculation Skills.  The correlation results appear in Table 

4.6. 

Table 4.6 

Correlation between MR and KO and VL 
________________________________________________________________________ 

     KO VL 
________________________________________________________________________ 
 
MR     .10 .07 
________________________________________________________________________ 
Note. MR = Math Reasoning; KO = General Verbal Information; VL = Lexical 
Knowledge.  
* p < .05. 
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 To answer the fifth research question of the study “Is the narrow cognitive ability 

of Ideational Fluency (FI) a stronger predictor of the mathematics achievement cluster 

Math Reasoning than the narrow cognitive ability Associative Memory (MA)?” the 

researcher began with exploring if a relationship existed between the narrow cognitive 

abilities of Ideational Fluency (FI) and Associative Memory (MA) and Math Reasoning.  

A Pearson’s r correlation analysis was conducted, and results suggested there was a 

statistically significant relationship between Math Reasoning and the narrow cognitive 

ability and Ideational Fluency (FI) but not with Associative Memory (MA).  Therefore, 

correlation results suggest Ideational Fluency (FI) is a stronger predictor of Math 

Reasoning than Associative Memory (MA).  The correlation results appear in Table 4.7 

Table 4.7 

Correlation between MR and MA and FI 
________________________________________________________________________ 

     MA FI 
________________________________________________________________________ 
 
MR     .05 .27** 
________________________________________________________________________ 
Note. MR = Math Reasoning; MA = Associative Memory; FI = Ideational Fluency.  
** p < 0.01 
  
Math Calculation Skills and Math Reasoning 

 To answer the sixth research question of the study “Is Math Calculation Skills a 

statistically significant predictor of Math Reasoning?” the researcher began with 

exploring if a relationship existed between Math Calculation Skills and Math Reasoning.  

A Pearson’s r correlation analysis was conducted and results suggested there was a 

statistically significant relationship between Math Calculation Skills and Math 

Reasoning.  Therefore, correlation results suggested Math Calculation Skills is a 
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statistically significant predictor of Math Reasoning.  The correlation results appear in 

Table 4.8. 

Table 4.8 

Correlation between MR and MCS 
________________________________________________________________________ 

    MR   MCS 
________________________________________________________________________ 
 
MR    1.00   .53**  
 
MCS     1.00 
________________________________________________________________________ 
Note. MR = Math Reasoning; MCS = Math Calculation Skills.  
* p < .05. 
 
Are the Models Invariant at Different Age Levels? 

 To answer the research question of whether the models are invariant at different 

age levels the data was split into the age ranges of 9-12 and 13-15 years and correlation 

and hierarchical linear regression analyses were performed.  The results are presented 

with the corresponding research question.   

The first research question of the study, “Are the broad cognitive abilities of 

Crystallized-Intelligence (Gc) and Long-Term Storage and Retrieval (Glr) predictors of 

the mathematics achievement clusters Math Calculation Skills and Math Reasoning?” 

was answered with the correlation findings.  The researcher used Pearson’s r correlation 

analysis in which no statistically significant relationship was found between the broad 

abilities of Crystallized-Intelligence (Gc) and Long-term Storage and Retrieval (Glr) and 

the mathematics clusters Math Calculation Skills and Math Reasoning among ages 9-12 

or 13-15.  These findings were suggested to be invariant between children with learning 

disabilities at different age levels.  The correlation results appear in Table 4.9. 
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Table 4.9 
 
Correlation between MCS and MR and Gc and Glr by Age 
________________________________________________________________________ 

Achievement    Gc Glr  
Cluster 
________________________________________________________________________ 
 
MCS     
 Age 9-12   .01  .08  
 Age 13-15             -.22 -.14  
 
MR 
 Age 9-12   .10 .20 
 Age 13-15   .06 .14 
________________________________________________________________________ 
Note. MR = Math Reasoning; MCS = Math Calculation Skills; Glr = Long-term Storage 
and Retrieval; Gc = Crystallized-Intelligence;  
* p < .05. 
  
 The second research question of the study, “Is the narrow cognitive ability of 

Ideational Fluency (FI) a stronger predictor of the mathematics achievement cluster Math 

Calculation Skills than the narrow cognitive ability Associative Memory (MA)?” was 

also answered with the correlation findings.  The researcher used Pearson’s r correlation 

analysis in which no statistically significant relationship was found between the narrow 

cognitive abilities of Ideational Fluency (FI) and Associative Memory (MA) and the 

mathematics cluster Math Calculation Skills among ages 9-12 or 13-15.  These findings 

were suggested to be invariant between children with learning disabilities at different age 

levels.  The correlation results appear in Table 4.10. 
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Table 4.10 

Correlation between MCS and MA and FI by Age 
________________________________________________________________________ 

     MA FI 
________________________________________________________________________ 
 
MCS      
 Age 9-12    .08     -.06 
 Age 13-15   -.16     -.01 
________________________________________________________________________ 
Note. MCS = Math Calculation Skills; MA = Associative Memory; FI = Ideational 
Fluency.  
* p < .05. 
 

The third research question of the study, “Is the narrow cognitive ability of 

General Verbal Information (KO) a stronger predictor of the mathematics achievement 

cluster Math Calculation Skills than the narrow cognitive ability Lexical Knowledge 

(VL)?” was also answered with the correlation findings.  The researcher used Pearson’s r 

correlation analysis which suggests a statistically significant negative relationship 

between the narrow cognitive ability of Lexical Knowledge (VL) and the mathematics 

cluster Math Calculation Skills at age 13-15 and a statistically significant positive 

relationship between Lexical Knowledge (VL) at age 9-12.  No statistically significant 

relationship was suggested between the narrow cognitive ability of General Verbal 

Information (KO) and age 9-12 or age 13-15.  The findings suggest that the model is not 

invariant between children with learning disabilities at different age levels.  The 

correlation results appear in Table 4.11.  

 

 

 

89 



Texas Tech University, Angie Elkins, August, 2014 

Table 4.11 

Correlation between MCS and KO and VL by Age 
________________________________________________________________________ 

     KO VL 
________________________________________________________________________ 
 
MCS      
 Age 9-12             -.13 .29* 
 Age 13-15             -.08      -.36** 
________________________________________________________________________ 
Note. MCS = Math Calculation Skills; VL = Lexical Knowledge; KO = General Verbal 
Information. 
** p < 0.01. 
 

The fourth research question of the study, “Is the narrow cognitive ability of 

General Verbal Information (KO) a stronger predictor of the mathematics achievement 

cluster Math Reasoning than the narrow cognitive ability Lexical Knowledge (VL)?” was 

also answered with the correlation findings.  The researcher used Pearson’s r correlation 

analysis in which no statistically significant relationship was found between the narrow 

cognitive abilities of General Verbal Information (KO) and Lexical Knowledge (VL) and 

the mathematics cluster Math Reasoning.  These findings suggest the model is invariant 

between children with learning disabilities at different age levels.  The correlation results 

appear in Table 4.12. 
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Table 4.12 

Correlation between MR and KO and VL by Age 
________________________________________________________________________ 

     KO VL 
________________________________________________________________________ 
 
MR      
 Age 9-12   .05 .17 
 Age 13-15   .12 -.07 
________________________________________________________________________ 
Note. MR = Math Reasoning; VL = Lexical Knowledge; KO = General Verbal Information.  
* p < .05. 
  

 To answer the fifth research question of the study “Is the narrow cognitive ability 

of Ideational Fluency (FI) a stronger predictor of the mathematics achievement cluster 

Math Reasoning than the narrow cognitive ability Associative Memory (MA)?” the 

researcher began with exploring if a relationship existed between the narrow cognitive 

abilities of Ideational Fluency (FI) and Associative Memory (MA) and Math Reasoning 

at the different age levels.  A Pearson’s r correlation analysis was conducted, and results 

suggested there was a statistically significant relationship between Math Reasoning and 

the narrow cognitive ability Ideational Fluency (FI) at ages 9-12 and 13-15 but not with 

Math Reasoning and Associative Memory (MA) at either age level.  The correlation 

results appear in Table 4.13.  
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Table 4.13 

Correlation between MR and MA and FI by Age 
________________________________________________________________________ 

     MA FI 
________________________________________________________________________ 
 
MR      
 Age 9-12   .08 .26* 
 Age 13-15   .10 .25* 
________________________________________________________________________ 
Note. MR = Math Reasoning; MA = Associative Memory; FI = Ideational Fluency.  
* p < .05. 
 

Math Calculations Skills and Math Reasoning 

 To answer the sixth research question of the study “Is Math Calculation Skills a 

statistically significant predictor of Math Reasoning?” the researcher began with 

exploring if a relationship existed between Math Calculation Skills and Math Reasoning 

at age 9-12 and 13-15.  A Pearson’s r correlation analysis was conducted, and results 

suggested there was a statistically significant relationship between Math Calculation 

Skills and Math Reasoning with both age groups.  Correlation results suggest the model 

is invariant between children with learning disabilities at different age levels.  The 

correlation results appear in Table 4.14.  
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Table 4.14 

Correlation between MCS and MR by Age 
________________________________________________________________________ 

       MCS 
________________________________________________________________________ 
 
MR      
 Age 9-12    .52** 
 Age 13-15    .52** 
________________________________________________________________________ 
Note. MCS = Math Calculation Skills; MR = Math Reasoning 
 
** p < 0.01 

 

Summary of Correlation Data 

The results of the correlation analysis of the relationships between Math 

Calculation Skills, Crystallized-Intelligence (Gc), Lexical Knowledge (VL), General 

Verbal Information (KO), Long-term Storage and Retrieval (Glr), Associative Memory 

(MA), and Ideational Fluency (FI) as assessed by the Woodcock-Johnson III Tests of 

Cognitive Abilities and Achievement suggested no statistically significant correlation 

between Math Calculation Skills.  It was not surprising that the narrow abilities of 

Lexical Knowledge (VL) and General Verbal Information (KO) were highly correlated 

with Crystallized-Intelligence because the narrow abilities feed into the broad ability.  

The same was true with the narrow abilities of Associative Memory (MA) and Ideational 

Fluency (FI) and the broad ability Long-term Storage and Retrieval (Glr).  Refer to Table 

4.15 for a review of correlation findings.  
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Table 4.15 

Correlation between MCS and Cognitive Abilities 
________________________________________________________________________ 

   MCS Gc VL KO Glr MA FI 
________________________________________________________________________ 
 
MCS   1.00 -.06 .01     -.07      -.08      -.09      -.02  
 
Gc          1.00 .78** .91** .32** .27** .30** 
 
VL                1.00 .49** .28** .22* .31** 
 
KO            1.00 .24* .20* .25** 
 
Glr       1.00 .95** .55**  
 
MA        1.00 .27** 
 
FI         1.00 
________________________________________________________________________ 
Note. MCS = Math Calculation Skills; Glr = Long-term Storage and Retrieval; Gc = 
Crystallized-Intelligence; VL = Lexical Knowledge; KO = General Verbal Information; 
MA = Associative Memory; FI = Ideational Fluency.  
** p < 0.01; * p < 0.05. 
 
 

The results of the correlation analysis of the relationships between Math 

Reasoning, Crystallized-Intelligence (Gc), Lexical Knowledge (VL), General Verbal 

Information (KO), Long-term Storage and Retrieval (Glr), and Associative Memory 

(MA) as assessed by the Woodcock-Johnson III Tests of Cognitive Abilities and 

Achievement suggested no statistically significant correlation.  However, a statistically 

significant correlation was suggested between Math Reasoning and Ideational Fluency 

(FI) among all participants and the age groups 9-12 and 13-15.  The findings also 

suggested no significant correlation between General Verbal Information (KO), Long-
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term Storage and Retrieval (Glr) and Associative Memory (MA).  Again, narrow 

cognitive abilities were statistically significance with their corresponding broad ability.  

Correlation results suggested no relationship between Math Calculation Skills and 

cognition among the age 9-12.  However, there was a statistically significant correlation 

between Math Calculation Skills and Lexical Knowledge (VL) among the age group 13-

15. Refer to Table 4.16 for a review of correlation findings. 

Table 4.16 

Correlation between  MR and Cognitive Abilities 

________________________________________________________________________ 

   MR Gc VL KO Glr MA FI 
________________________________________________________________________ 
 
MR      1.00 .09 .07 .10 .13 .05 .27** 
 
Gc          1.00 .78** .89** .24* .20* .24**    
 
VL                1.00 .44** .23* .19* .21*  
 
KO             1.00 .15  .11 .25** 
 
Glr       1.00 .95** .51** 
 
MA        1.00 .21*  
 
FI         1.00 
________________________________________________________________________ 
Note. MR = Math Reasoning; Glr = Long-term Storage and Retrieval; Gc = Crystallized-
Intelligence; VL = Lexical Knowledge; KO = General Verbal Information; MA = 
Associative Memory; FI = Ideational Fluency.  
** p < 0.01; * p < 0.05.  
 
 

The results of the correlation analysis of the relationships between Math 

Calculation Skills, Crystallized-Intelligence (Gc), General Verbal Information (KO), 

Long-term Storage and Retrieval (Glr), Associative Memory (MA), and Ideational 
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Fluency (FI) as assessed by the Woodcock-Johnson III Tests of Cognitive Abilities and 

Achievement suggested no statistically significant correlation among participants age 9-

12 or 13-15.  However, a statistically significant correlation was suggested between Math 

Calculation Skills and Lexical Knowledge (VL) among the age groups 9-12, positive 

correlation, and 13-15, negative correlation. Refer to Table 4.17 for a review of 

correlation findings. 

Table 4.17 

Correlation between MCS and Cognitive Abilities by Age 
________________________________________________________________________ 

   MCS Gc VL KO Glr MA FI 
________________________________________________________________________ 
 
MCS    
 Age 9-12 1.00 .01 .29*   -.13 .08 .08      -.06 
 Age 13-15 1.00    -.22     -.36**  -.08      -.14     -.16      -.01  
Gc           
 Age 9-12  1.00 .78** .93** .39** .34* .23 
 Age 13-15  1.00 .77** .89** .34** .29* .40** 
VL                
 Age 9-12   1.00 .51** .34* .27* .24 
 Age 13-15   1.00 .40** .33* .27* .39** 
KO            
 Age 9-12    1.00 .35* .30* .21 
 Age 13-15    1.00 .23 .20 .29* 
Glr       
 Age 9-12     1.00 .94** .39**   
 Age 13-15        1.00 .97** .76** 
MA         
 Age 9-12      1.00 .04 
 Age 13-15      1.00 .57** 
FI         
 Age 9-12       1.00 
 Age 13-15       1.00 
________________________________________________________________________ 
Note. MCS = Math Calculation Skills; Glr = Long-term Storage and Retrieval; Gc = 
Crystallized-Intelligence; VL = Lexical Knowledge; KO = General Verbal Information; 
MA = Associative Memory; FI = Ideational Fluency.  
** p < 0.01; * p < 0.05. 
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 The results of the correlation analysis of the relationships between Math 

Reasoning, Crystallized-Intelligence (Gc), Lexical Knowledge (VL), General Verbal 

Information (KO), Long-term Storage and Retrieval (Glr), and Associative Memory 

(MA) as assessed by the Woodcock-Johnson III Tests of Cognitive Abilities and 

Achievement suggested no statistically significant correlation among participants age 9-

12 or 13-15.  However, a statistically significant correlation was suggested between Math 

Reasoning and Ideational Fluency (FI) among the age groups 9-12 and 13-15. Refer to 

Table 4.18 for a review of correlation findings. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

97 



Texas Tech University, Angie Elkins, August, 2014 

Table 4.18 

Correlation between MR and Cognitive Abilities by Age 

________________________________________________________________________ 

   MR Gc VL KO Glr MA FI 
________________________________________________________________________ 
 
MR      
 Age 9-12 1.00 .10 .17 .05 .20 .08 .26* 
 Age 13-15 1.00 .06 -.07 .12 .14 .10 .25* 
Gc           
 Age 9-12  1.00 .78** .89** .27* .23 .14 
 Age 13-15  1.00 .77** .91** .33** .29* .37** 
VL                 
 Age 9-12   1.00 .43** .24 .21 .10 
 Age 13-15   1.00 .45** .33** .27* .37**  
KO        
 Age 9-12    1.00 .23 .18 .18 
 Age 13-15    1.00 .24* .22 .29* 
Glr       
 Age 9-12     1.00 .91** .38** 
 Age 13-15     1.00 .96** .75** 
MA         
 Age 9-12      1.00 -.03 
 Age 13-15      1.00 .56** 
FI         
 Age 9-12       1.00 
 Age 13-15       1.00 
________________________________________________________________________ 
Note. MR = Math Reasoning; Glr = Long-term Storage and Retrieval; Gc = Crystallized-
Intelligence; VL = Lexical Knowledge; KO = General Verbal Information; MA = 
Associative Memory; FI = Ideational Fluency.  
** p < 0.01;  * p < 0.05.  
 
 

Summary 

 The researcher presented the results of the study by stating the findings of 

descriptive and inferential statistical findings, restating the research questions, and 

examining the correlation findings.  Based on the demographic information obtained 

from the LEA the average participant in the current study is likely to be a Hispanic male 
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age 11.  Inferential statistical findings, t-test, indicated statistically significant differences 

in mean standard scores between participants age 9-12 and 13-15 in the Math Calculation 

Skills group for Long-term Storage and Retrieval (Glr) and Associative Memory (MA).  

T-test results indicated statistically significant differences in mean standard scores 

between participants age 9-12 and 13-15 in the Math Reasoning group for Long-term 

Storage and Retrieval (Glr), Associative Memory (MA), and General Verbal Information 

(KO).  Correlation findings showed no statistically significant correlation between Math 

Calculation Skills, Math Reasoning, and the broad cognitive abilities, Crystallized-

Intelligence (Gc) and Long-term Storage and Retrieval (Glr), among sample groups or at 

different age levels.  However, correlation results indicated a statistically significant 

correlation between Math Calculation Skills and Lexical Knowledge (VL) (positive 

correlation at age 9-12 and negative correlation at age 13-15) and between Math 

Reasoning and Ideational Fluency (FI) among the sample group and at ages 9-12 and 13-

15.  In the next chapter, a discussion of the results and implications of the study will be 

provided.  
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CHAPTER 5 

DISCUSSION 

Currently, there is a limited research exploring the relationships between narrow 

cognitive abilities and mathematics achievement (Mayes, 2009).  This study investigated 

to what extent broad and narrow cognitive abilities account for math achievement for 

participants age 9-15 years.  A convenience sampling was completed of each 

participant’s Full and Individual Evaluation (FIE) scores to answer the research 

questions.  The participants were split into age groups, 9-12 and 13-15 years, and two 

special education mathematics achievement eligibility areas, Math Calculation Skills n = 

90 and Math Reasoning n = 96.  The statistical analysis techniques of description, 

inferential, and correlation were used for the study.  The researcher will discuss the 

findings of the study within this chapter and provide a summary of the implications of the 

study, recommendations, conclusions, and suggestions for future research.   

Summary of the Study 

This study explored the relationships between the broad and narrow cognitive 

abilities and math achievement as assessed by Woodcock-Johnson III Tests of Cognitive 

Abilities and Achievement.  Descriptive demographic information of the participants in 

the current study was not available.  However, demographic information of the LEA’s 

special education program was available and suggested the average student receiving 

special education services within the LEA was a Hispanic male age eleven years.  The 

participants in the current study are considered to be representative of the LEA’s special 

education population due to data being collected from across the district regardless of 

ethnicity, gender, socioeconomic status, or parental education level.   
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Among the sample group, correlation analysis suggested no statistically 

significant relationship between Math Calculation Skills and the broad and narrow 

cognitive abilities of Crystallized-Intelligence (Gc), Long-term Storage and Retrieval 

(Glr), General Verbal Information (KO), Lexical Knowledge (VL), Associative Memory 

(MA), and Ideational Fluency (FI).  However, correlation analysis revealed a statistically 

significant positive relationship between the narrow cognitive ability of Lexical 

Knowledge (VL) and Math Calculation skills at age 9-12 years and a negative 

relationship at age 13-15 years.  This result was inconsistent with previous research by 

McGrew and Wendling (2010) in which the broad cognitive ability of Crystallized-

Intelligence (Gc) and the narrow cognitive ability of Lexical Knowledge (VL) was 

related to Basic Math Skills at age 14-19 years.  McGrew and Wendling (2010) also 

found the narrow cognitive ability of and Associative Memory (MA) to be related to 

Basic Math Skills at one or more age levels.   

Findings from the current study were also somewhat inconsistent with the Proctor 

study (2012).  Proctor (2012) found no relationship between the broad ability of 

Crystallized-Intelligence (Gc) and Math Calculation Skills.  There was no statistically 

significant relationship found between Long-term Storage and Retrieval (Glr) and math 

achievement in the Proctor (2012) study which was consistent with the current study. 

Correlation analysis suggested no statistically significant relationship between 

Math Reasoning and the broad cognitive abilities of Crystallized-Intelligence (Gc) and 

Long-term Storage and Retrieval (Glr). However, a statistically significant relationship 

between the narrow cognitive ability of Ideational Fluency (FI) and Math Reasoning 

among the sample group and at ages 9-12 and 13-15 years was revealed.  Again, these 
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findings were inconsistent with previous research by McGrew and Wendling (2010) and 

Proctor (2012).  McGrew and Wendling (2010) found relationships between Math 

Reasoning, Crystallized-Intelligence, General Verbal Information (KO), Lexical 

Knowledge (VL) at all ages and Associative Memory (MA) at one or more age levels.  

Proctor (2012) found a statistically significant relationship between Crystallized-

Intelligence (Gc) and Math Reasoning.  However, Proctor (2012) found no statistically 

significant relationship between Long-term Storage and Retrieval (Glr) and Math 

Reasoning that was consistent with the current study.   

 Overall, correlation findings indicated the narrow cognitive abilities of Lexical 

Knowledge (VL) and Ideational Fluency (FI) were better predictors of math achievement 

than their corresponding broad cognitive abilities, Crystallized-Intelligence (Gc) and 

Long-term Storage and Retrieval (Glr).  This result is consistent with previous research.  

Lastly, correlation findings also indicated Math Calculation Skills was a statistically 

significant predictor of Math Reasoning among the sample group and at different age 

levels of 9-12 and 13-15 years.     

 Discussion of the Findings 

The lack of statistically significant relationships between the broad cognitive 

abilities, Crystallized-Intelligence (Gc) and Long-term Storage and Retrieval (Glr), with 

math achievement in the current study may be attributed to the narrow cognitive abilities 

assessed.  The McGrew and Wendling (2010) study found Crystallized-Intelligence (Gc) 

was consistently significant at ages 9-19 years.  However, the McGrew and Wendling 

study (2010) was a meta-analysis using measurement instruments other than the 

Woodcock-Johnson III Tests of Cognitive Abilities.  In the current study the standard 
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score for the broad cognitive ability Crystallized-Intelligence (Gc), as assessed by the 

Woodcock-Johnson III Tests of Cognitive Abilities, includes the assessment of the two 

narrow cognitive abilities, General Verbal Information (KO) and Lexical Knowledge 

(VL).  The use of additional measurement instruments broadened the scope of narrow 

cognitive abilities to General Verbal Information (KO), Listening Ability (LS), and 

Lexical Knowledge (VL).   

McGrew and Wendling (2010) found the narrow cognitive ability of Listening 

Ability (LS) was related to basic math skills within two age groups and all age groups in 

math reasoning.  However, the narrow cognitive ability, Listening Ability (LS), was not 

included on the Woodcock-Johnson III Tests of Cognitive Abilities.  Therefore, the level 

of statistical significance of the narrow cognitive abilities affects the statistical 

significance of the broad cognitive ability because the narrow abilities feed into the broad 

ability.  If only one narrow cognitive ability is a statistically significant predictor of 

Crystallized-Intelligence (Gc) a statistically significant relationship may not be revealed.  

It should also be noted that Kline (2010) stated a minimum of three narrows to obtain a 

measurement of a broad are recommended especially when the sample size is small.  The 

use of two narrow abilities instead of three may account for the non-significance of the 

broad abilities among the age groups of the current study.   

Lastly, the lack of statistical significance between cognition and mathematics 

achievement may lie in the method used in the current study which is based on 

identifying patterns of cognitive strength and weakness (PSW).  Miciak, Fletcher, 

Stuebing, Vaughn, and Tolar (2014) investigated two PSW models and found the models 

were not able to reveal large qualitative differences in academic performance between 
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groups that met and did not meet criteria for the models.  The lack of sensitivity 

associated with PSW models due to a restrictive range of scores inherent among students 

with SLD may explain the findings of non-significance between the broad and narrow 

cognitive abilities and mathematics achievement in the current study.   

Discussion of Research Questions 

Research questions two and five asked if the narrow cognitive ability of Ideational 

Fluency (FI) was a stronger predictor of Math Calculation Skills and Math Reasoning 

than the narrow cognitive ability Associative Memory (MA).  Ideational Fluency (FI) 

was not related to Math Calculation skills among all participants in the sample group or 

at different age levels.  However, Ideational Fluency (FI) was related to Math Reasoning, 

among all participants in the current study and at ages 9-12 or 13-15 years.  The 

significance of Ideational Fluency (FI) may be explained through the prevalence of math 

and reading disabilities within the participants in the current study.  Research has 

suggested that when a high incidence of combined reading and arithmetic disability is 

present, similar cognitive abilities, such as phonological processing, are used in 

arithmetic fact retrieval and word recognition (Geary, 1993).   

Research questions three and four asked if the narrow cognitive ability of General 

Verbal Information (KO) was a stronger predictor of Math Calculation Skills and Math 

Reasoning than the narrow cognitive ability Lexical Knowledge (VL).  Correlation 

findings revealed no statistically significant relationship between the narrow cognitive 

abilities and Math Reasoning.  However, both a statistically significant positive 

relationship between Math Calculation Skills and Lexical Knowledge (VL) at age 9-12 

and a statistically significant negative relationship at age 13-15 were revealed.  While the 
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positive relationship between Lexical Knowledge (VL) at age 9-12 is consistent with 

previous research, the negative relationship at age 13-15 was not.  This result implied as 

Lexical Knowledge (VL) increased mathematic calculation decreased.   

The researcher looked to the characteristics of mathematics disorder and the level 

of task difficulty to explain the findings.  Byrnes (2001) states a person who has 

procedural knowledge is able to solve mathematics problems using a series of actions, 

operations, or steps.  Byrnes (2001) also points to declarative knowledge, knowledge of 

math facts, and conceptual knowledge, ability to use the right facts, procedures, and 

strategies at the appropriate time, as being important for successful performance in 

mathematics.  Students age 13-15 years are typically in grade nine to eleven.  

Mathematics classes typically offered for grades nine to eleven within the public school 

setting include algebra, calculus, trigonometry, and geometry.  Successful performance 

on tasks within these higher levels mathematics requires declarative, procedural, and 

conceptual knowledge.  Therefore, a student may know math vocabulary and word 

meanings, a Lexical Knowledge (VL) skill, but have deficits in declarative, procedural, 

and/or conceptual knowledge needed to perform mathematics calculations.           

The sixth question of the study asked if Math Calculation Skills was a statistically 

significant predictor of Math Reasoning.  This result was found to be consistent with 

previous research in which mathematics skills were considered to be a foundational skill 

for algorithmic computation and arithmetic word problems (Fuch et al., 2006).  

The seventh question of the study asked if the models were invariant between 

children with learning disabilities at different age levels.  This question could not be 

answered affirmatively in all instances.  Correlation findings suggested a statistically 
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significant relationship between Math Reasoning and the narrow cognitive ability 

Ideational Fluency (FI) was invariant at ages 9-12 and 13-15 years.  However, models 

were not invariant regarding Math Calculation Skills and Lexical Knowledge (VL) with 

both positive and negative correlations revealed.  Differences between ages 9-12 and 13-

15 may be due to the hierarchical nature of mathematics development and mathematics 

curriculum (Fuch et al., 2006).    

Summary of the Research Questions 

The discussion of the research questions suggested that narrow cognitive abilities 

(as measured by the Woodcock-Johnson III Tests of Cognitive Abilities and WJ-III Tests 

of Achievement) were better predictors of mathematics achievement among the sample 

group and at specific age levels than their corresponding broad cognitive abilities.  The 

discussion suggested that Math Calculation Skills was a statistically significant predictor 

of Math Reasoning among all participants and age levels.  The discussion suggested that 

due to the hierarchical nature of mathematics, all models were not invariant at different 

age levels.  

Practical Implications 

This study expands on previous research regarding relationships between 

cognition and achievement.  Few studies have specifically targeted the relationships 

between the broad and narrow cognitive abilities and mathematics achievement among 

school-aged children with SLD.  The implications of this study should be considered due 

to the impact the results could have on special education eligibility assessment, 

determination, and intervention placement.       
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For the Educational Diagnostician and School Psychologist  

With the Reauthorization of IDEA, methods used for special education eligibility 

determination have changed which allowed for decisions to be made based on the 

student’s response to intervention and use of alternative research-based procedures.  

Educational diagnosticians should make informative decisions regarding what broad and 

narrow cognitive abilities best predict mathematics achievement for students with SLD.  

Educational diagnosticians should understand that use of a “third option” of special 

education eligibility determination, pattern of strengths and weaknesses, may hinder the 

ability to see relationships between cognition and mathematics achievement among 

students with SLD due to a restrictive range of scores inherent with this population.  

Therefore, educational diagnosticians should use caution in solely relying on the 

cognitive markers previously identified as playing important roles in mathematics.  

Instead, educational diagnosticians should require in-depth informal data and information 

from teachers, parents, and the student regarding mathematics performance when making 

SLD determinations.   

For Educators 

As stated earlier, according to McGrew and Wendling (2010), when considering 

cognitive and academic interventions based on cognitive deficits focus should be placed 

at the narrow level of cognitive functioning.  In doing so, understanding of the 

relationships between cognitive processes and achievement become clear and the 

investigation as to why some children struggle with mathematics achievement while 

others do not can be answered.  With the knowledge of cognitive deficits at the narrow 

ability level educators can make informed decisions regarding interventions and 
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accommodation selection and understand how cognitive deficits manifest in the 

classroom. 

For School Districts 

The PSW method of SLD determination and/or measurement instruments used in 

the current study produced findings that may suggest a lack of sensitivity in detecting 

relationships between cognition and mathematics achievement among students with SLD.  

School districts should consider the use of additional and/or replacement methods of SLD 

identification such as RtI when making SLD determinations.  Replacement of 

standardized assessments would have monetary implications for the district regarding 

cost of measurement instruments, materials, and training of assessment professionals.  

Conclusions  

Limitations of the Study 

As part of the alternative research-based model, which allows for professional 

judgment in determining overall IQ, a strict standard score of ≥ 90 was not consistent 

among all participants of the study.  Instead, this study used data based on a version of 

the CHC-based operational definition of SLD Flanagan and Alfonso (2011) model to 

identify SLD.  This model looked at a cognitive pattern of strengths and weakness instead 

of a strict IQ cutoff score.  Therefore, IQ scores of all participants in the current study 

ranged from 70 to 98.  The low IQ scores used in the current study may be considered a 

limitation among some researchers. 

This study gathered data from a single school district located in the South Plains 

region of Texas.  This study revealed the average participant to be a Hispanic male age 

eleven.  Therefore, results may not generalize to other school districts and/or SLD 
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populations.  Additionally, due to the data gathered from a single school district, a small 

sample size was an issue.  Lastly, correlation analysis is not able to determine cause and 

effect.  Therefore, the results of this study can only suggest relationships between 

variables to answer the research questions posed.   

Advantages of the Study 

This study included a sample of participants age 9-12 and 13-15 whose sole 

special education eligibility was SLD in mathematics and reading.  The researcher 

allowed only mathematics and reading disabilities into the study which made possible the 

ability to pinpoint the unique relationships between cognition and the two areas of 

mathematics achievement without confounding variables that may have skewed the 

results of the study.  By using SPSS, errors of analysis and researcher bias were reduced.  

Lastly, the researcher was presented with data that was de-identified, thus ensuring 

confidentiality was maintained.  

Directions for Future Research 

The current study included school-aged participants with SLD in mathematics 

and/or reading.  However, research is limited regarding this population.  This researcher, 

as well as McGrew and Wendling (2010), believes future research should include 

investigations on relationships of the broad and narrow cognitive abilities within the SLD 

population to allow generalizations to be made within this population.  This line of 

research would aid diagnostic professionals with interpretation of assessment data and 

when explaining student academic difficulties to parents and teachers.  Future research 

should also consider an examination of the relationships between cognition, particularly 

at the narrow cognitive ability level, and mathematics achievement among participants 
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with SLD in mathematics alone which would eliminate the possibility that other areas of 

academic deficit may affect data results.   

This study sought only to address two areas of cognition (broad and narrow 

abilities) that research identified as inconsistent and speculative; Crystallized-Intelligence 

(Gc), Long-Term Storage and Retrieval (Glr), General Verbal Knowledge (KO), Lexical 

Knowledge (VL), Ideational Fluency (FI), Associative Memory (MA) (McGrew & 

Wendling, 2010; Proctor, 2012).  Future research should continue to examine the 

relationships between all broad and narrow cognitive abilities and mathematics 

achievement at different age levels and should include formal measures other than the 

Woodcock-Johnson III Tests of Cognitive Abilities and Achievement.  This expansion 

would allow researchers to examine and compare all broad and narrow cognitive abilities 

that are not included the Woodcock-Johnson III battery that may be statistically 

significant in predicting mathematics achievement at different age levels. 

Future research should continue to investigate the reliability, validity, and utility 

of the methods of special education eligibility determination based on patterns of 

cognitive strengths and weaknesses (PSW).  Miciak, Fletcher, Stuebing, Vaughn, and 

Tolar (2014) investigated two PSW, concordance/discordance (C/DM) and cross battery 

assessment (XBA), and found that measurement error and the variability in how the 

approaches were implemented resulted in a low percentage of students being identified.  

Miciak et al. (2014) also found the PSW models were not able to reveal large qualitative 

differences in academic performance between groups that met and did not meet criteria 

for the models which speaks to the utility of the model in identification of learning 

disabilities.     
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Ortiz, Ochoa, and Dynda (2012) cite a point made clear by Salvia and Ysseldyke 

(1991) that when students undergo standardized testing it is assumed that they are 

compared to a normative group that is similar in acculturation.  If no similarity of 

acculturation can be established then evaluation of the student’s current and future 

performance based on test results may be inappropriate. Ortiz et al. (2012) state a variety 

of concerns regarding assessment and language proficiency particularly among the 

Hispanic population: test translation, adaptation, and modification; issues of equivalence 

in test scores; language proficiency testing; testing bilingual individuals; administration 

and examiner variables; use of interpreters in testing; and cultural differences in 

individual testing.  All of which point to the fact that language differences between the 

normative sample and the examinee may be responsible for significant problems in 

reliability and validity of test results.  Therefore, future research including large Hispanic 

populations should consider closer determination of English proficiency through a brief 

questionnaire to rule out language barriers.  Future studies should include a larger sample 

size from many public school districts within the United States to allow for 

generalization.   

Summary 

The conclusions of the study revealed the following.  The broad abilities of 

Crystallized-Intelligence (Gc) and Long-Term Storage and Retrieval (Glr) were not 

predictors of Math Calculation Skills and Math Reasoning.  Ideational Fluency (FI) was a 

statistically significant predictor for Math Reasoning for all participants and at different 

age levels.  A positive correlation was revealed between Math Calculation Skills and 

Lexical Knowledge (VL) at age 9-12 and negative correlation at age 13-15.  The narrow 
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cognitive abilities addressed in the current study were stronger predictors than their 

corresponding broad abilities 
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APPENDIX B 

Math Calculation Skills: Participant Scores 

Student Gc VL KO Glr MA FI MCS RD Age GIA 
1 83 77 91 99 99 100 70 1 2 82 
2 83 91 78 77 74 96 76 1 1 70 
3 87 89 85 112 111 110 72 1 2 89 
4 80 85 77 85 92 79 83 1 1 87 
5 78 83 73 86 94 74 61 1 2 86 
6 83 84 84 94 96 92 41 1 2 76 
7 79 82 78 87 89 92 74 1 1 77 
8 84 84 86 96 99 92 67 1 2 82 
9 84 79 89 87 94 80 82 1 2 93 
10 84 82 88 50 44 92 68 1 1 78 
11 81 76 88 94 96 93 63 1 2 80 
12 93 91 95 104 101 110 78 1 1 90 
13 71 72 78 69 64 96 76 1 1 76 
14 93 89 98 88 87 94 67 1 2 94 
15 91 87 98 89 86 104 81 1 1 84 
16 80 80 84 53 61 62 79 1 2 72 
17 87 88 89 85 79 108 76 2 1 86 
18 89 88 91 61 61 73 55 1 2 79 
19 89 89 89 76 87 67 58 2 1 77 
20 92 82 103 85 87 92 75 2 1 86 
21 86 81 91 85 93 76 61 1 2 84 
22 77 80 79 98 99 97 81 1 1 82 
23 75 74 79 80 83 86 71 1 1 72 
24 60 74 61 65 69 74 80 1 1 70 
25 78 79 79 76 70 103 61 1 1 75 
26 81 71 92 64 71 68 76 1 1 87 
27 91 86 96 96 95 102 67 1 1 87 
28 77 81 75 70 71 84 81 1 1 77 
29 80 78 82 73 76 79 76 1 2 81 
30 76 74 80 70 71 83 64 1 1 73 
31 87 85 90 75 81 73 68 1 2 93 
32 89 86 94 80 85 82 75 2 1 93 
33 79 71 88 76 84 66 82 1 2 82 
34 72 77 68 73 82 68 76 1 2 75 
35 73 71 77 60 63 73 66 1 1 80 
36 86 86 87 91 103 70 72 1 1 88 
37 79 79 81 96 101 85 78 1 2 72 
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38 86 88 87 60 66 70 69 1 1 81 
39 83 86 82 90 86 101 63 1 2 77 
40 83 87 82 83 81 100 81 1 1 82 
41 81 87 82 97 85 125 68 1 1 84 
42 75 76 75 84 91 74 68 1 2 79 
43 81 84 79 97 101 89 68 1 2 80 
44 90 92 88 105 107 95 61 1 2 90 
45 72 78 68 67 73 72 84 1 1 78 
46 75 73 78 56 59 70 82 1 2 70 
47 69 73 66 88 89 91 77 1 2 82 
48 71 73 73 71 76 78 61 1 1 80 
49 89 88 92 92 95 88 68 1 1 83 
50 86 88 85 78 80 80 66 1 2 90 
51 82 79 86 87 88 91 69 1 1 78 
52 76 78 78 74 81 72 77 1 2 85 
53 77 80 76 81 87 72 54 1 2 80 
54 81 83 79 80 78 92 83 1 2 81 
55 89 86 94 108 105 112 62 1 2 88 
56 78 81 76 94 97 90 67 1 2 85 
57 80 80 82 81 72 103 80 1 2 87 
58 77 79 75 97 105 80 66 1 2 77 
59 88 81 95 88 96 78 68 1 2 84 
60 65 66 66 63 62 77 83 1 2 77 
61 87 87 87 91 96 84 67 1 2 85 
62 83 87 79 99 97 103 59 1 2 85 
63 72 78 69 72 74 91 43 1 1 70 
64 98 92 105 118 131 77 81 1 1 98 
65 86 86 86 108 108 101 82 2 2 91 
66 64 74 65 77 87 67 76 1 1 72 
67 89 89 91 72 72 86 47 1 2 82 
68 81 80 83 106 112 86 52 1 2 85 
69 68 74 69 81 79 94 82 1 1 79 
70 102 99 104 91 92 95 82 1 1 92 
71 88 78 98 91 90 98 84 2 2 92 
72 78 69 87 75 78 79 56 1 2 92 
73 82 80 85 113 113 106 73 1 2 79 
74 93 90 99 53 45 94 77 1 1 84 
75 78 80 80 64 68 76 82 1 1 73 
76 92 79 107 96 94 104 47 1 1 83 
77 80 79 82 97 99 93 60 1 2 82 
78 86 85 88 82 82 88 72 2 2 84 
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79 86 82 90 76 74 93 83 2 2 90 
80 86 94 82 68 61 100 82 2 1 85 
81 90 80 101 78 81 84 58 1 1 88 
82 78 80 76 84 84 89 66 1 2 79 
83 99 98 102 73 76 81 74 1 1 93 
84 88 88 93 78 79 85 75 1 1 82 
85 75 81 70 56 54 71 60 1 2 74 
86 83 83 85 86 87 92 82 1 1 87 
87 89 75 106 75 77 91 58 1 1 78 
88 77 81 73 83 85 84 61 1 2 80 
89 94 94 94 83 89 79 82 1 1 85 
90 81 82 81 98 98 99 78 1 2 85 

 

Math Reasoning: Participant Scores 

Student Gc VL KO Glr MA FI MR RD Age GIA 
1 83 77 91 99 99 100 73 1 2 82 
2 83 91 78 77 74 96 82 1 1 70 
3 87 89 85 112 111 110 73 1 2 89 
4 80 85 77 85 92 79 66 1 1 87 
5 78 83 73 86 94 74 74 1 2 86 
6 83 84 84 94 96 92 69 1 2 76 
7 79 82 78 87 89 92 80 1 1 77 
8 84 84 86 96 99 92 81 1 2 82 
9 84 79 89 87 94 80 82 1 2 93 
10 84 82 88 50 44 92 77 1 1 78 
11 81 76 88 94 96 93 65 1 2 80 
12 71 72 78 69 64 96 74 1 1 76 
13 93 89 98 88 87 94 75 1 2 94 
14 91 87 98 89 86 104 80 1 1 84 
15 80 80 84 53 61 62 72 1 2 72 
16 87 88 89 85 79 108 79 2 1 86 
17 89 88 91 61 61 73 58 1 2 79 
18 89 89 89 76 87 67 68 2 1 77 
19 92 82 103 85 87 92 78 2 1 86 
20 86 81 91 85 93 76 70 1 2 84 
21 77 80 79 98 99 97 76 1 1 82 
22 75 74 79 80 83 86 61 1 1 72 
23 78 79 79 76 70 103 70 1 1 75 
24 81 71 92 64 71 68 84 1 1 87 
25 91 86 96 96 95 102 68 1 1 87 
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26 77 81 75 70 71 84 74 1 1 77 
27 80 78 82 73 76 79 80 1 2 81 
28 69 67 77 55 49 96 79 1 1 79 
29 76 74 80 70 71 83 63 1 1 73 
30 87 85 90 75 81 73 79 1 2 93 
31 75 74 79 77 69 109 81 1 1 70 
32 89 86 94 80 85 82 81 2 1 93 
33 72 77 68 73 82 68 74 1 2 75 
34 96 97 95 77 71 105 68 1 1 90 
35 73 71 77 60 63 73 55 1 1 80 
36 86 86 87 91 103 70 84 1 1 88 
37 79 79 81 96 101 85 66 1 2 72 
38 86 88 87 60 66 70 80 1 1 81 
39 83 86 82 90 86 101 77 1 2 77 
40 83 87 82 83 81 100 85 1 1 82 
41 80 79 81 79 87 72 82 1 2 82 
42 81 87 82 97 85 125 84 1 1 84 
43 75 76 75 84 91 74 69 1 2 79 
44 81 84 79 97 101 89 61 1 2 80 
45 90 92 88 105 107 95 74 1 2 90 
46 75 81 74 92 93 95 75 1 2 85 
47 72 78 68 67 73 72 79 1 1 78 
48 75 73 78 56 59 70 79 1 2 70 
49 69 73 66 88 89 91 76 1 2 82 
50 71 73 73 71 76 78 70 1 1 80 
51 89 88 92 92 95 88 82 1 1 83 
52 86 88 85 78 80 80 79 1 2 90 
53 82 79 86 87 88 91 73 1 1 78 
54 76 78 78 74 81 72 74 1 2 85 
55 77 80 76 81 87 72 58 1 2 80 
56 73 78 73 68 63 80 69 1 2 73 
57 81 83 79 80 78 92 68 1 2 81 
58 89 86 94 108 105 112 73 1 2 88 
59 80 70 93 78 73 101 84 1 1 84 
60 78 81 76 94 97 90 68 1 2 85 
61 80 80 82 81 72 103 83 1 2 87 
62 77 79 75 97 105 80 69 1 2 77 
63 88 81 95 88 96 78 58 1 2 84 
64 65 66 66 63 62 77 78 1 2 77 
65 87 87 87 91 96 84 84 1 2 85 
66 83 87 79 99 97 103 81 1 2 85 

125 



Texas Tech University, Angie Elkins, August, 2014 

67 72 78 69 72 74 91 60 1 1 70 
68 86 86 86 108 108 101 82 2 2 91 
69 64 74 65 77 87 67 69 1 1 72 
70 89 89 91 72 72 86 63 1 2 82 
71 75 81 74 92 93 95 75 1 2 90 
72 81 80 83 106 112 86 69 1 2 85 
73 68 74 69 81 79 94 81 1 1 79 
74 102 99 104 91 92 95 76 1 1 92 
75 88 78 98 91 90 98 84 2 2 92 
76 78 69 87 75 78 79 74 1 2 92 
77 82 80 85 113 113 106 82 1 2 79 
78 93 90 99 53 45 94 73 1 1 84 
79 78 80 80 64 68 76 70 1 1 73 
80 92 79 107 96 94 104 70 1 1 83 
81 76 75 80 85 92 73 83 1 2 80 
82 80 79 82 97 99 93 71 1 2 82 
83 86 85 88 82 82 88 79 2 2 84 
84 86 82 90 76 74 93 82 2 2 90 
85 86 94 82 68 61 100 82 2 1 85 
86 90 80 101 78 81 84 69 1 1 88 
87 78 80 76 84 84 89 76 1 2 79 
88 99 98 102 73 76 81 67 1 1 93 
89 78 71 89 88 84 102 82 1 1 80 
90 88 88 93 78 79 85 82 1 1 82 
91 75 81 70 56 54 71 61 1 2 74 
92 83 83 85 86 87 92 79 1 1 87 
93 89 75 106 75 77 91 62 1 1 78 
94 77 81 73 83 85 84 56 1 2 80 
95 94 94 94 83 89 79 78 1 1 85 
96 81 82 81 98 98 99 81 1 2 85 
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