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Two models for learning disabilities (LD) identification are explicitly allowed in 

federal regulations: (a) ability-achievement discrepancy and (b) response to intervention. 

Dissatisfaction with both models has led to calls for a third model, which identifies a 

pattern of cognitive processing strengths and weaknesses (PSW model) as a marker of 

LD. However, little empirical research has investigated this proposed model.  

This study investigated two proposed approaches for implementing a PSW model: 

(a) the concordance/discordance model (C/DM) and (b) the cross battery assessment 

(XBA) approach. All 139 participants demonstrated inadequate response to a Tier 2 

intervention in sixth or seventh grade. Following Tier 2 intervention, participants 

completed a comprehensive battery of cognitive and academic tests. I utilized results to 

empirically categorize each participant as either meeting or not meeting LD criteria 

according to the two PSW approaches at different academic deficit cut points. Resulting 

group status was utilized to determine: (a) LD identification rates, (b) agreement between 

approaches, and (c) the relative academic performance and sociodemographic 

characteristics of resulting groups.  

The number of participants that met LD criteria varied widely, dependent upon 

the approach and deficit cut point (range: 10.8% - 47.5%). More participants met criteria 
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for both approaches at higher deficit cut points.  More participants met C/DM criteria 

than XBA criteria at similar cut points. Agreement between the two approaches was 

generally low. Kappa ranged from -.04 - .56 when comparing classification decisions 

across different iterations of the two approaches. Comparisons of groups that met and did 

not meet C/DM and XBA criteria on external academic and sociodemographic variables 

were largely null.  

The results highlight several potential challenges to widespread implementation 

of a PSW model. Both approaches identified a low percentage of students, raising 

questions of efficiency. Low agreement is an inevitable result of measurement error and 

implementation differences between the two approaches. Such variability in classification 

decisions suggests the models may be incompatible and should be independently 

validated. Further, the failure to find qualitative differences in academic needs between 

groups that met and did not meet LD criteria for either approach raises questions about 

the utility of the identification model.  
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Chapter 1:  Introduction 

The model utilized to identify and define learning disabilities is important. It 

matters to teachers and administrators, who struggle to ensure that students who need 

special education services are appropriately identified and receive necessary instruction. 

It matters to special educators, who spend their time assessing, diagnosing, and 

explaining, often quieting doubts about the effects of federal regulations granting access 

to special services. It matters to parents. And it matters to our most vulnerable students: 

students who attend school each day expecting failure; students who deserve better.  

LEARNING DISABILITIES IN THE UNITED STATES 

 The model utilized to identify learning disabilities (LD) can have a profound 

impact on the lives of individual children and their families. However, the impact is not 

limited to a few unlucky students sprinkled across a vast public school system. It is an 

issue of importance in nearly every classroom in over one hundred thousand public 

schools in the U.S.  

In 1977, federal regulations established LD as one of 13 disability categories 

eligible for special education services. Since that time, the number of students identified 

with LD has grown exponentially (Hallahan & Mercer, 2002). In 2009, an estimated 2.5 

million students enrolled in American public schools had been identified with LD, 

approximately 5% of all enrolled students (National Center for Learning Disabilities 

[NCLD], 2011). This represents a population larger than Houston, TX, our nation’s 

fourth largest city. Incredibly, this figure understates the number of students affected by 

issues surrounding the most appropriate model for the identification of LD. It excludes all 

students who previously failed to meet established LD criteria, or who may meet LD 

eligibility criteria if the model were changed. Thus, decisions about the educational 
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program of millions of students are dependent upon our chosen model for LD 

identification.  

The impact of these decisions is even more acute in light of the vulnerability of 

the population of students identified with LD. Individuals identified with LD perform 

worse on a broad range of academic and life outcomes. Individuals with LD are more 

likely to be suspended from school, retained, expelled from school, or drop out (NCLD, 

2011). They are less likely to pass high school exit exams, graduate from high school, 

and enroll in a postsecondary institution (NCLD). After exiting school, individuals with 

LD are less likely to find meaningful employment (Newman et al., 2011). These negative 

outcomes highlight the importance of identifying those students most at risk of school 

failure in an accurate and efficient manner. They further highlight the need for a fair 

allocation of resources.  

Today, students identified with LD pose unique demands on the resources of 

public schools. The NCLD (2011) estimates that the cost of educating a student with LD 

is 1.6 times the cost of educating a general education student. This extra expense results 

from costs associated with offering: (a) special education classes (30% of total 

expenditures), (b) resource specialist services (49% of total expenditures), (c) related 

services (15% of total expenditures), and (d) other special education services (6% of total 

expenditures). The effectiveness of status quo programs and resource allocation is beyond 

the scope of this paper. However, most notions of fairness would dictate that the vast 

resources expended to educate students with LD not be allocated capriciously. Models to 

identify LD should be consistent and meaningful, because within the current system they 

are ipso facto decisions about the allocation of resources. The outcomes of different 

models for the identification of LD, both new and old models, should be subject to 
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rigorous empirical scrutiny. In this paper, one newly proposed model for LD 

identification is investigated.  

MODELS FOR THE IDENTIFICATION OF LEARNING DISABILITIES 

Debates about the most valid model for the identification of LD have been 

persistent and at times vociferous. In 1977, federal regulations established a discrepancy 

model for the identification of LD. This model held that LD was marked by a significant 

discrepancy between the ability and academic achievement of the student. This model 

was primarily operationalized with methods that relied on the discovery of a significant 

difference between student performance on an IQ test and a specific academic test. Since 

its original codification, the discrepancy model has been criticized in strong terms. Critics 

contend that the discrepancy model for LD identification is deeply flawed, because it: (a) 

represents a wait to fail approach (Vaughn & Fuchs, 2003), (b) over identifies students 

from diverse cultural and linguistic backgrounds, (c) does not result in qualitatively 

different groups (Hoskyn & Swanson, 2000; Stuebing et al., 2002), and (d) does not 

relate to subsequent intervention response (Stuebing et al., 2009; Vellutino et al., 2000). 

In response to this criticism, the most recent reauthorization of the Individuals 

with Disabilities Act (IDEA 2004; U.S. Department of Education) included provisions 

allowing for a new model of LD identification: response to intervention (RTI). An RTI 

model relies upon the implementation of validated interventions in tiers of varying 

intensity. Student progress is consistently monitored. Inadequate response to a generally 

effective intervention is interpreted as evidence for LD. If exclusionary criteria are met, 

the student may be identified as LD. However, the RTI model for LD identification has 

also come under significant criticism. Critics argue that an RTI model: (a) cannot identify 

cognitive processing deficits, which are presumed to be a definitional characteristic of 
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LD (Hale et al., 2010; Mather & Gregg 2006), (b) does not inform subsequent instruction 

(Mather & Gregg; Reynolds & Shaywitz, 2009), and (c) does not demonstrate a set of 

agreed-upon methods for the identification of LD (Fuchs & Deshler, 2007; Hale et al.; 

Scruggs & Mastropieri, 2003).  

A THIRD MODEL FOR LD IDENTIFICATION? 

Unease with both discrepancy and RTI models for the identification of LD has led 

some to call for a third model of LD identification (see for example Hale et al., 2010). 

This third model for LD identification (hereafter the PSW model) represents a hybrid 

approach combining RTI procedures for early intervention with a comprehensive 

evaluation of cognitive and academic functioning following a determination of 

inadequate response. The results of the comprehensive evaluation are utilized to 

determine if the student demonstrates a pattern of cognitive processing strengths and 

weaknesses, which proponents argue is a definitional attribute of LD (Flanagan, Ortiz, & 

Alfonso, 2008; Hale & Fiorello, 2004; Naglieri, 1999). If the student demonstrates the 

specified pattern of processing strengths and weaknesses and meets exclusionary criteria, 

the student may be identified with LD.  

In a recent position paper for the Learning Disabilities Association of America 

(LDA; Hale et al., 2010), an expert panel advocated this third model for LD 

identification. The white paper conclusions were based on survey results from 58 

researchers in the fields of education, psychology, medicine, and law. The panel 

concluded: 

1. The SLD definition should be maintained and statutory requirements in SLD 

identification procedures should be strengthened.  
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2. Neither IQ-achievement discrepancy nor RTI is adequate for SLD 

identification. 

3. A “third method” approach identifying a pattern of processing strengths and 

weaknesses, and achievement deficits makes the most empirical and clinical 

sense. 

4. RTI could be used to prevent learning difficulties, but a comprehensive 

assessment should follow a determination of inadequate response. 

5. Data from the assessment of cognitive processing should be used for 

intervention purposes, as well. (Hale et al., p. 225-226) 

 The conclusions of the LDA panel were presented as an “expert consensus” 

(Hale et al., 2010, p. 223) on response to intervention, the definition of LD, 

comprehensive assessment, and identification processes. However, the methodology and 

conclusions of the LDA White Paper were strongly criticized in a counter report 

published later that year (The Consortium for Evidence-Based Early Intervention 

Practices (CEBEIP), 2010). The consortium report argued that the LDA White Paper: (a) 

presented a biased set of opinions from a small, unrepresentative sample of experts, and 

(b) did not present sufficient scientific evidence to support its five conclusions (CEBEIP, 

p. 2). In strong terms, the consortium report condemned the LDA expert panel for failing 

to reveal potential conflicts of interest of panel members and failing to support claims 

with evidence published in peer-reviewed journals or independently reviewed by 

appropriately credentialed experts (CEBEIP, p. 3).  

Controversy surrounding the competing reports has accelerated debate about the 

evidentiary basis for PSW models for LD identification. Indeed, the cognitive processing 

perspective, from which PSW models are derived, was recently the topic of a special 

issue of the Journal of Learning Disabilities (Fuchs, Hale, & Kearns, 2011). In that issue, 
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proponents argued that an assessment of cognitive processing can further understanding 

of LD and improve intervention response (Berninger & May, 2011; Iseman & Naglieri, 

2011). However, critics of PSW models continue to argue that a comprehensive 

assessment of cognitive processing skills: (a) lacks empirical support (CEBEIP, 2010), 

(b) produces little diagnostic value (Fletcher et al., 2011; Stanovich, 1994; Stuebing et al., 

2009), and (c) relies on flawed methods (Stuebing et al., 2012).  

The claims of PSW proponents should be subject to empirical validation. On the 

eve of a potentially contentious fight surrounding reauthorization of IDEA, the strength 

of proponents’ claims makes such validation even more critical (see for example Hale et 

al., 2010; Hanson, Sharman, & Esparza-Brown, 2008). However, to date few empirical 

studies have evaluated the feasibility of PSW models for the identification of LD. 

Articles advocating PSW models describe specific case studies, limiting the 

generalizability of their claims. Further, no study to my knowledge has investigated the 

implementation of the PSW model for LD identification following a determination of 

inadequate response to intervention, a “hybrid” model that is frequently advocated 

(Flanagan et al., 2006; Hale et al., 2006; Semrud-Clikeman, 2005). In the present study, I 

address this gap in research by evaluating the identification rate and agreement among 

two proposed PSW approaches for LD identification.  

PROPOSED STUDY QUESTIONS 

In recent years, prominent voices in the field of LD have called for the 

introduction of a PSW model for LD identification. This model relies upon the 

identification of a pattern of cognitive processing strengths and weaknesses as the 

primary inclusionary criteria for LD. However, little research exists to validate this 

model. To my knowledge, no study has investigated the application of two proposed 
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approaches for implementing the PSW model. Further, no study has investigated the 

application of these approaches to a large sample of inadequate responders. In the 

proposed study, I address this gap utilizing data drawn from a sample of students that 

inadequately responded to a Tier 2 intervention in 6th grade. Each student was 

administered a comprehensive testing battery measuring academic and cognitive 

functioning following a determination of inadequate response. This data is utilized to 

empirically categorize each student as either meeting, or not meeting LD criteria 

according to two proposed approaches for implementation of a PSW model. The 

dichotomous groups that result help answer two research questions:  

1. What are the rates for LD identification and agreement among proposed PSW 

approaches? 

2. What are the academic profiles and demographic characteristics of inadequate 

responders that meet PSW LD criteria, and how do they compare to 

inadequate responders that do not meet proposed PSW LD criteria? 
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Chapter 2:  Review of Previous Research 

For at least two centuries, researchers have investigated the existence of persistent 

learning difficulties among a segment of otherwise healthy individuals. This 

phenomenon, later circumscribed within the conceptual category of learning disabilities 

(LD), has proven difficult to satisfactorily define and describe. Indeed, the history of LD 

has proceeded in fits and starts, advancing and retreating—like most fields of discovery 

(Kuhn, 1962).  

Hallahan and Mercer (2002) trace the modern origins of the study of LD to two 

developing lines of research in 19th century Europe. The first line of research focused on 

specific language impairments in individuals with brain injuries. Franz Joseph Gall, a 

German physician, is credited as the first researcher to link brain injury to mental 

impairment, describing a condition with clear relevance to present conceptions of 

learning disabilities (Fletcher et al., 2007). Gall worked with soldiers who had sustained 

head injuries, and subsequently experienced specific aphasia, with no loss of intellectual 

function. Hammill (1993) notes that in documenting this condition, Gall identified three 

definitional characteristics that continue to influence present conceptions of LD: (a) the 

patients demonstrated a profile of specific weaknesses and relative strengths, (b) the 

patients demonstrated intrinsic deficits, and (c) the deficits were not caused by some 

other disorder, such as mental retardation or deafness (Hammill, 1993). In subsequent 

years, both Pierre Paul Broca and Carl Wernicke advanced the study of brain-injured 

individuals with specific language impairments by identifying specific affected regions 

associated with aphasia (i.e. Broca’s area, and Wernicke’s area; Hallahan & Mercer, 

2002).  
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A second line of research investigated specific reading difficulties in otherwise 

intelligent individuals. Kussmaul (1877) coined the term “word-blindness” to describe a 

patient unable to read who had otherwise normal vision, intellect, and speech. The work 

of John Hinshelwood and W. Pringle Morgan then extended the concept of “word-

blindness” from acquired reading difficulties among adults to congenital word-blindness 

in children (Hallahan & Mercer, 2002). Hinshelwood further highlighted the potential 

heritability of “word-blindness” through the study of an extended family with difficulties 

in reading spanning multiple generations (Hallahan & Mercer). Thus, at the start of the 

20th century, consensus was emerging on the existence of a set of specific, congenital 

learning difficulties, heterogeneous in manifestation, related to brain dysfunction, and 

believed to be centered in the left hemisphere (Fletcher et al., 2007). These beliefs about 

the manifestation and origins of LD, although reliant on primitive or underdeveloped 

evidence, nonetheless represented a defined paradigm of research that would influence 

future investigations and the interpretation of ambiguous evidence.  

As the 20th century began, the locus of discovery in the field of LD shifted to the 

U.S. Samuel Orton built upon the work of Hinshelwood and Morgan, investigating the 

condition of word-blindness. Although his research clearly resided within the brain 

dysfunction paradigm of Hinshelwood and Morgan, Orton’s views differed on the 

prevalence of the condition and its neurological origins (Hallahan & Mercer, 2002). 

Orton believed that a condition caused by mixed cerebral dominance caused word-

blindness, in which afflicted individuals saw mirror images of letters and images thereby 

impeding reading development (Fletcher, 2012). Although many of Orton’s ideas about 

the origins and manifestations of reading disabilities have not been supported in 

subsequent research, his influence on the treatment of reading disabilities was significant 

and lasting. Orton was the first to suggest that the treatment of reading disabilities should 
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include phonics instruction focused on the sound-symbol relationship (Hallahan & 

Mercer).  

Orton’s work—particularly his instructional recommendations—continued to 

influence research long after its publication. However, in the decades following his 

contribution, there arose a new line of research investigating the linguistic and cognitive 

attributes of students with learning difficulties. A group of researchers, including William 

Cruikshank, Helmer Mykelburst, Doris Johnson, and Samuel Kirk focused on the 

linguistic and cognitive origins of what would later be called LD, highlighting the central 

role of profile unevenness (Fletcher, 2012). These efforts culminated in an “emergent 

period” for the field of LD, during which Samuel Kirk is credited with introducing the 

term learning disabilities and providing the basis for the first formal definition of LD 

(Hallahan & Mercer, 2002). Kirk’ definition represented a watershed moment for the 

field of LD research, and it continues to serve as the statutory definition of LD in the U.S. 

The National Advisory Committee on Handicapped Children (NACHC), a committee 

formed in 1968 by the U.S. Office of Education (USOE) and chaired by Samuel Kirk, 

offered the following definition of LD: 

Children with special (specific) learning disabilities exhibit a disorder in one or 

more of the basic psychological processes involved in understanding or in using 

spoken and written language. These may be manifested in disorders of listening, 

thinking, talking, reading, writing, spelling, or arithmetic. They include conditions 

which have been referred to as perceptual handicaps, brain injury, minimal brain 

dysfunction, dyslexia, and developmental aphasia. The term does not include 

problems that due primarily to visual, hearing or motor handicaps, to mental 

retardation, emotional disturbance, or to environment disadvantage. (USOE, 

1968, p. 34)   
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In 1975, LD was included as a disability category eligible for special services 

under PL 94-142, the Education for All Handicapped Children Act. The original law did 

not contain a definition of LD, but that omission was quickly addressed in 1977 when the 

USOE adopted the NACHC definition. In addition to the formal definition of LD, the 

federal government issued regulations establishing an operational definition of LD, based 

on an ability-achievement discrepancy as the primary inclusionary criterion (Hallahan & 

Mercer, 2002). The discrepancy criterion, most often determined through a comparison of 

a student’s performance on an ability test (IQ test) and an achievement test, served as the 

only inclusionary criterion for LD identification from its original codification until 2004, 

with the reauthorization of the Individuals with Disabilities Education Act (IDEA 2004; 

US Department of Education, 2004).  

IDEA 2004 (US Department of Education, 2004) included provisions that 

fundamentally changed procedures to identify LD. Although the formal definition of LD 

remained the same, the law explicitly stated that an ability-achievement discrepancy shall 

not be required to identify LD. IDEA 2004 also included provisions stating that response 

to intervention (RTI) may be considered to determine eligibility for services, the first 

significant change to the operational definition of LD since its inclusion in federal law. 

Following passage, states quickly moved to adopt response to intervention models as part 

of the LD identification process. Indeed, all 50 states currently allow RTI as an 

identification process for LD (Zirkel & Thomas, 2010).   

CONCEPTUAL FRAMEWORKS FOR LD 

IDEA 2004 introduced the first significant changes to the process of LD 

identification in public schools since its inclusion as a disability category eligible for 

service in PL 94-142. However, this stability in law masks considerable disagreement and 
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debate among researchers and practitioners (Hallahan & Mercer, 2002). Much of this 

controversy may be traced to disagreements on the fundamental conceptual framework 

for understanding LD. Fletcher (2012) identified three conceptual frameworks for LD: (a) 

neurological frameworks, (b) cognitive frameworks, and (c) instructional frameworks. 

Each of these frameworks continues to influence present conceptions of LD. In sections 

that follow, I briefly describe the three frameworks for conceptualizing LD before 

surveying current controversies surrounding the two federally mandated models for the 

identification of LD. I finish with a discussion of a proposed “third method” for LD 

identification, based on identifying a profile of cognitive processing strengths and 

weaknesses, which is investigated in the present study.  

Neurological Frameworks  

The earliest work in the field of LD was based within a neurological framework, 

premised on the belief that behavior and academic disorders were caused by brain 

dysfunction (Hallahan & Mercer, 2002). Although such notions have fallen from favor as 

the field of LD has developed, “the conceptualizations that motivated and emerged from 

these concepts have strongly influenced contemporary concepts of LD” (Fletcher, 2012, 

p. 8). Specifically, ideas about the intrinsic nature of LD persist, and are often put 

forward in arguments against instructional frameworks for LD identification. Further, 

conceptions of brain dysfunction continue to influence the directions of modern research.  

Cognitive Frameworks 

A second framework for understanding LD focuses on the role of language and 

cognitive processes in unexpected underachievement. This framework rose to 

prominence in the middle of the 20th century and continues to hold substantial influence 

over present debates (Hallahan & Mercer, 2002). The primal influence of this conception 
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of LD is seen in the 1977 USOE definition of LD, which references disorders in 

psychological processes as the presumed cause of academic difficulties. Proponents of 

cognitive frameworks for understanding LD therefore argue that a comprehensive 

assessment of cognitive processing is necessary in order to establish the existence of a 

processing disorder, a definitional attribute of LD (Hale et al., 2010; Hale, Naglieri, 

Kaufman, & Hale, 2004; Reynolds & Shaywitz, 2009). Thus, the cognitive framework 

for understanding LD is intimately linked with modern psychometric methods, which are 

used to document this cognitive deficit, often operationalized as an intra-individual 

discrepancy. This intra-individual discrepancy represents the primary inclusionary 

criterion for LD identification within a cognitive framework. Two models have been 

proposed to identify an intra-individual discrepancy: (a) an ability-achievement 

discrepancy (Bateman, 1965), and (b) a profile of processing strengths and weaknesses 

(PSW; Hale & Fiorello, 2004; Hale et al., 2010, Flanagan et al., 2006).  

Ability-achievement discrepancy  

The ability-achievement discrepancy was established as the primary inclusionary 

criterion for LD identification in 1977 (USOE, 1977). At that time, the federal 

government declined to specify a formula for calculating a discrepancy between a 

student’s ability and achievement. However, the USOE did include explicit reference to 

achievement that is incommensurate with age and ability levels (Hallahan & Mercer, 

2002). This vague description was most often operationalized by: (a) calculating a 

difference in standard score between an IQ test and an achievement test or (b) utilizing a 

regression approach that relies upon the standard error of measurement (SEM) to 

determine whether an observed achievement score falls outside a specified confidence 
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interval (e.g. 95% CI) that would be expected given the student’s performance on an IQ 

test (Kavale, 2002).  

Pattern of strengths and weaknesses  

Dissatisfaction with the IQ-achievement discrepancy approach eventually led to 

the formulation of another model within the cognitive framework for LD identification 

based on procedures to identify of a pattern of processing strengths and weaknesses 

(PSW). This model also relies on profile unevenness as a marker of LD. However, 

instead of utilizing full-scale test scores as indices of ability and achievement, PSW 

models analyze performance on cognitive processing clusters to identify a pattern of 

strengths and weaknesses in combination with an academic deficit (Flanagan et al., 2007; 

Hale & Fiorello, 2004). Research on PSW models and a description of two proposed 

approaches to determine the existence of a PSW profile are provided in subsequent 

sections.   

Instructional Frameworks  

Low achievement  

A simpler model for the identification of LD is to utilize an index of low 

achievement as the primary inclusionary criterion for LD identification. Under a low-

achievement model for LD identification, students could be identified as LD if their 

achievement in a specific academic area fell below an established level, or within a range 

of low achievement if exclusionary criteria are met. Proponents argue that such a model 

for LD identification would: (a) lead to greater diagnostic validity, as the assessment 

process is limited to the academic skills of interest, (b) allow early identification and 

intervention with students at risk for academic difficulties, and (c) result in a more 

reliable identification process (Sawyer & Bernstein, 2002). However, a low achievement 
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model for LD identification is not widely accepted. Critics contend that a low 

achievement criterion cannot adequately identify students with LD, because by definition 

students with LD exhibit an intra-individual discrepancy (Kavale, 2002; Kavale, Fuchs, 

& Scruggs, 1993; Mather & Gregg, 2006). Further, low achievement as the primary 

inclusionary criterion for LD would suffer from the same psychometric limitations as an 

ability-achievement discrepancy, because the identification process is primarily 

dependent on imperfect measures of academic skill (Fletcher, 2012).  

Response to intervention  

IDEA 2004 allowed the possibility of utilizing inadequate response to 

intervention as part of the LD identification process. Response to intervention (RTI) is a 

service delivery model predicated upon early identification and intervention for students 

at-risk for academic difficulty. RTI is characterized by: (a) universal screening, (b) 

consistent progress monitoring, and (c) high-quality, research-based instruction matched 

to the student’s instructional needs and delivered within a multi-tiered system of 

increasing instructional intensity (Fletcher & Vaughn, 2009; Gresham, 2002; Reschly, 

2007). Within an RTI model for the identification of LD, the student’s response to an 

evidence-based intervention can be interpreted as an assessment (Fuchs & Fuchs, 2006). 

Thus, inadequate response to a generally effective intervention represents evidence of 

LD. If additional exclusionary criteria are met, the student may be identified as LD. 

Criticisms of the RTI model for the identification of LD are discussed in subsequent 

sections.  
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THE IDENTIFICATION OF LEARNING DISABILITIES: THE PRESENT DEBATE 

Unacceptability of the IQ-Achievement Discrepancy 

The IQ-achievement discrepancy has been the source of considerable controversy 

since its initial inclusion within the regulatory definition of LD as an inclusionary 

criterion put forth by the USOE in 1977. In the years following its codification, critics 

have argued that the IQ-Achievement discrepancy: (a) represents a wait to fail approach 

(Vaughn & Fuchs, 2003), (b) over identifies students from diverse cultural and linguistic 

backgrounds, (c) does not demonstrate external validity (Hoskyn & Swanson, 2000; 

Stuebing et al., 2002), and (d) is only minimally related to treatment response (Stuebing 

et al., 2009; Vellutino, Scanlon, & Lyon, 2000).  

IQ-achievement discrepancy: Wait to fail?  

The IQ-achievement discrepancy is often criticized as a “wait to fail” approach 

(Fuchs & Fuchs, 2006; Lyon, 1996; Vaughn & Fuchs, 2003). Critics argue that the IQ-

achievement discrepancy approach focuses on student deficits for classification purposes, 

rather than on the instructional needs of struggling learners (Fletcher & Vaughn, 2009). 

This focus on classification is problematic because the existence of an IQ-achievement 

discrepancy may not be measured reliably until a student reaches the age of 8-9 

(Shaywitz, Escobar, Shaywitz, Fletcher, & Makuch, 1992). Many districts have not 

historically identified LD until after the child has experienced several years of academic 

failure (Foorman, Francis, Shaywitz, Shaywitz, & Fletcher, 1997). Thus, under the IQ-

achievement discrepancy approach, a kindergarten or first grade student that is 

experiencing difficulty learning to read is often made to wait to receive special education 

services until second or third grade, when the discrepancy between her IQ and reading 

achievement reaches the magnitude specified by his or her state or district. Given the 
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fundamental importance of early literacy achievement (Francis, Fletcher, Shaywitz, 

Shaywitiz, & Rourke, 1996; Stanovich, 1986), such a delay in the provision of services 

represents a significant limitation of IQ-achievement discrepancy methods.  

Over-identification of culturally and linguistically diverse students  

For decades, special educators have grappled with the question of 

disproportionate representation of culturally and linguistically diverse (CLD) students in 

remedial and special education programs (Donovan & Cross, 2002; Heller, Holtzman, & 

Messick, 1982; Mercer, 1973). The problem of disproportionate representation is 

complex, encompassing a range of social and educational issues. One potential cause of 

disproportionate representation is the use of racially and culturally biased tests in the LD 

assessment process (Hallahan & Kauffman, 2000). As the IQ-achievement discrepancy 

approach relies on testing data to document the primary inclusionary criterion, such bias 

may impact the number of CLD students identified as LD.  

Validity of IQ-achievement discrepancy  

Classification models should be subject to empirical validation (Morris & 

Fletcher, 1988). In the case of the IQ-achievement discrepancy, classifications derived 

from the application of the IQ-achievement discrepancy formula result in dichotomous 

groups that can be compared. If students that meet the IQ-achievement discrepancy 

criterion differ in their behavioral, cognitive, and academic profiles from students that do 

not meet the criterion, the results would provide evidence of external validity for the IQ-

achievement discrepancy approach. However, two recent meta-analyses of research on 

the IQ-achievement discrepancy found little support for qualitative differences between 

groups of struggling learners that meet or do not meet the IQ-achievement discrepancy 

criterion (Hoskyn & Swanson, 2000; Stuebing et al., 2002).  
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Hoskyn and Swanson (2000) conducted a meta-analysis of 274 effect sizes from 

19 studies comparing the cognitive processing of struggling readers that demonstrated an 

IQ-achievement discrepancy and a group that did not. Groups were compared across a 

number of domains, including:  phonological processing, syntactical knowledge, lexical 

knowledge, and visual spatial reasoning. Struggling readers demonstrating an IQ-

achievement discrepancy generally outperformed students without a discrepancy (Median 

g = .23; range -0.02 - .87). However, a model that included all possible cognitive 

processing variables did not reveal any additional variance explained by the presence of 

an IQ-achievement discrepancy. This suggests that the distinction between students that 

meet and do not meet the IQ-achievement discrepancy criterion does not explain 

meaningful differences in cognitive or academic functioning.  

Stuebing et al. (2002) conducted a follow-up meta-analysis involving 46 studies 

to directly assess the validity of IQ-achievement discrepancy classifications. In contrast 

with previous meta-analyses addressing this question (e.g. Fuchs, Fuchs, Mathes, Lispey, 

& Roberts, 2002; Hoskyn & Swanson, 2000), Stuebing et al. (2002) differentiated 

between variables utilized to define groups and external variables. All analyses of group 

differences utilized external variables only. The exclusion of definitional variables is 

desirable because groups differ on these variables by definition. A more rigorous test 

assesses whether groups differ on variables not utilized in group formation.  Stuebing et 

al. compared group performance on measures of behavior, achievement, and cognitive 

ability. The overall aggregate effect size was negligible (mean g = 0.135, 95% confidence 

interval =.109, .162). Mean effect sizes by domain were negligible for measures of 

behavior (g = -.046, 95% confidence interval = -.144, .053) and achievement (g = - .117, 

95% confidence interval = -.162, -.071). The mean effect size for cognitive ability was (g 

= .303, 95% confidence interval = .269, .338). Further analyses indicated that 
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heterogeneity among effect sizes were largely explained by group differences on the IQ 

and achievement measures utilized to form groups. Echoing the conclusions of Hoskyn 

and Swanson (2000), Stuebing et al. concluded that the results of the meta-analysis “do 

not provide strong support for the eligibility model” (p. 503).  

Relationship of IQ-achievement discrepancy to treatment outcomes  

A third criticism of the IQ-achievement discrepancy approach focuses on whether 

IQ, a necessary component for determining eligibility in the IQ-achievement discrepancy 

method, is related to intervention response. If IQ is not related to intervention response, 

its value in the LD identification process is questionable. Stuebing et al. (2009) 

conducted a meta-analysis of 22 studies evaluating the relationship between measures of 

IQ and intervention response. After controlling for initial achievement level, Stuebing et 

al. found an r
2
 of .03. A more restricted estimate representing the unique variance in 

intervention response explained by IQ found an r
2
 of .013. These results indicate that IQ 

explains little to no meaningful variation in intervention response, raising questions 

regarding its utility as part of the LD identification process.   

Controversies Surrounding Response to Intervention  

In 2004, the reauthorization of the Individuals with Disabilities Education Act 

(IDEA, 2004) codified the use of RTI models for the identification of LD in the US. RTI 

service delivery models are widely accepted for the purpose of early intervention for 

students at risk for learning difficulties (Burns, Appleton, & Stehouwer, 2005; Gersten et 

al., 2009; VanDerHeyden & Burns, 2010). However, the utilization of inadequate 

response to intervention as the primary inclusionary criterion for a diagnosis of LD is 

more controversial. Critics of RTI as an LD identification process argue that RTI does 

not: (a) identify definitional attributes of LD, (b) guide future instructional decisions, or 
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(c) demonstrate a set of agreed-upon methods for the identification of LD (see for 

example Hale, et al., 2006; Kavale, Kauffman, Bachmeier, & Lefever, 2008).   

The statutory definition for specific learning disabilities states:  

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

basic psychological involved in understanding or in using language, spoken or 

written, which disorder may manifest itself in the imperfect ability to listen, think, 

speak read, write, spell, or do mathematical calculations. The term includes such 

conditions as perceptual handicaps, brain injury, minimal brain dysfunction, 

dyslexia, and developmental aphasia. The term does not include children who 

have learning disabilities, which are are primarily the result of visual, hearing, or 

motor handicaps, or mental retardation, or emotional disturbance, or of 

environmental, cultural, or economic disadvantage. (U.S. Office of Education, 

1968, p. 34).  

Critics of RTI as an identification process argue that RTI alone cannot establish 

evidence of a learning disability, because it does not directly assess whether there exists a 

disorder in one or more psychological processes (Hale et al., 2010; Mather & Gregg, 

2006). Absent this evidence, critics argue that RTI processes cannot distinguish between 

students who are truly LD and students who have garden variety low achievement or 

another disorder (Hale et al., 2006; Kavale et al., 2005).  

A second criticism of RTI as an identification process focuses on the lack of 

information gathered on the cognitive processing strengths and weaknesses of the student 

(Hale et al., 2010; Mather & Gregg, 2006; Reynolds & Shaywitz, 2009). Without this 

information, diagnosticians are unable to recommend methods to differentiate future 

interventions and improve learning outcomes.  Critics argue that inadequate responders 

“need something different, particularly individualized instruction to meet their individual 
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needs” (Hale et al., 2010, p. 227). Semrud-Clikeman (2005) argues that “the RTI 

framework does not acknowledge the contributions that can be made by neuropsychology 

and thus lacks an integral understanding of how children learn and process the world 

around them” (p. 566). This is because a determination of inadequate response cannot 

provide potential explanations for the student’s failure to adequately respond. For this 

reason, critics of RTI argue that it offers no more prescriptive value than the discredited 

IQ-achievement discrepancy.  

Finally, critics of RTI as an LD identification process argue that RTI models 

suffer from procedural and measurement ambiguities, raising the question of whether RTI 

models can reliably identify students who are truly LD (Hale et al., 2006; Hale et al., 

2010; Scruggs & Mastropieri, 2003). First, there are no universally accepted criteria to 

differentiate between adequate and inadequate response (Fuchs & Deshler, 2007). 

Response to intervention exists on a continuum (Fletcher & Vaughn, 2009; Vellutino et 

al., 1996; Vellutino, Scanlon, Small, & Fanuele, 2006). Thus, samples of students 

identified through the application of different cut-points on different measures 

demonstrate low to moderate agreement (Barth et al., 2008; Brown-Waesche, 

Schatschneieder, Maner, Ahmed, & Wagner, 2011; Case, Speece, & Molloy, 2003). This 

is inherent to any attempt to create discrete groups from continuous data using two or 

more measures, as standardized tests are not perfectly reliable or perfectly correlated 

(Fletcher et al., 2012). Thus, even if the criterion measures perfectly measured the 

construct(s) of interest, the application of different measures would result in different 

groups because of psychometric limitations.   
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PSW MODELS FOR LD IDENTIFICATION 

Dissatisfaction with both the IQ-achievement discrepancy and RTI models as LD 

identification processes has led some to call for a “third method” of LD identification. 

This third model of LD identification incorporates RTI service delivery models, but 

requires a comprehensive assessment of cognitive processing strengths and weaknesses 

following a determination of inadequate response (Flangan, Fiorello, & Ortiz, 2010; Hale 

& Fiorello, 2004; Mather & Gregg, 2006; Naglieri, 1999). The sections that follow 

review empirical research investigating the validity of the PSW model for LD 

identification and describe two proposed approaches for implementing the PSW model. 

Research on PSW Model  

Little empirical research has investigated the validity and reliability of PSW 

models for the identification of LD.  After conducting an extensive search, I was unable 

to locate a large-scale empirical study investigating: (a) the LD identification rate after 

applying proposed PSW approaches to a group of inadequate responders or (b) the 

academic profile and demographic characteristics of inadequate responders that meet or 

do not meet proposed criteria from PSW approaches. In lieu of large-scale empirical 

studies investigating PSW models for LD identification, proponents of PSW models put 

forward piecemeal evidence arguing that: (a) cognitive processes may be reliably 

measured and (b) cognitive processes correlate with academic underachievement. 

Proponents conclude that this evidence demonstrates the validity PSW models, and 

recommend their implementation on larger scales.  

Proponents of PSW models argue that advances in modern testing theory and 

practice allow for a more thorough and granular testing approach, in contrast with 

traditional methods that relied on full-scale IQ scores (Hale et al., 2006; Flanagan et al., 

2007; Naglieri, 1999). New measures, such as the Kaufman Assessment Battery for 
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Children, Second Edition (KABC-II; Kaufman & Kaufman, 2004), the Cognitive 

Assessment System (CAS; Naglieri & Das, 1997), the Wechsler Intelligence Scale for 

Children, Fourth Edition (Wechsler, 2003), and Woodcock-Johnson Tests of Cognitive 

Abilities (WJ-III; Woodcock, McGrew, & Mather, 2001) allow for an assessment of 

individual cognitive processes theoretically linked to core academic skills, such as 

reading, writing, or math (Hale et al., 2006).  

Proponents further argue that it is necessary to assess cognitive processing skills, 

because deficits in cognitive processing skills correlate with academic underachievement 

(Flanagan et al., 2006; Hale et al., 2010; Mather & Gregg, 2006). Johnson et al. (2010) 

conducted a meta-analysis of 32 studies to analyze the cognitive processing skills of 

students with and without LD. The study compared performance on measures of 

intelligence, math ability, verbal and visual working memory, executive function, 

processing speed, and short term memory. Across all domains, differences were moderate 

to large (Cohen, 1988; median g = -.9; range -0.44 - 2.66). Johnson et al. conclude that 

the magnitude of differences provides support for including assessment of cognitive 

processing skills as part of a comprehensive assessment for LD.   

Proposed PSW Approaches  

Three approaches have been proposed to operationally define a PSW profile: (a) 

the concordance/discordance method (C/DM; Hale & Fiorello, 2004), (b) the cross 

battery assessment method (XBA; Flanagan, Ortiz, & Alfonso, 2007), and (c) the 

Discrepancy/Consistency Method (D/CM; Naglieri, 1999). However, the D/CM utilizes 

the Cognitive Assessment System (CAS; Naglieri & Das, 1997), a specific assessment 

battery that cannot be evaluated in the proposed study. I therefore limit description to the 

two methods investigated in the proposed study: (a) C/DM and (b) XBA.  
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The Concordance/Discordance Method (C/DM)  

The C/DM specifies that a pattern of concordance and discordance is a necessary, 

but not sufficient condition for LD identification. The necessary pattern includes: (a) a 

concordance between an academic achievement deficit and a cognitive processing deficit 

that are theoretically related, (b) a discordance between the academic achievement deficit 

and a cognitive processing strength that are not theoretically related, and (c) a 

discordance between the cognitive processing deficit and a cognitive processing strength 

(Hale & Fiorello, 2004).  

Figure 2.1 shows a visual display of the necessary pattern of concordance and 

discordance  

Figure 2.1:  Concordance/Discordance Model of SLD Diagnosis 

 The determination of concordance and discordance between academic and 

cognitive processing deficits and strengths is based on a determination of significant 

difference. Hale and Fiorello (2004) provide two specific formulas for calculating a 

threshold for significant difference, either of which may be utilized. The methods rely on 

Fig.1 
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two estimates of the distribution of differences: (a) the standard error of measurement or 

(b) the standard error of the residual. After a threshold for significant difference is 

calculated, observed scores are compared to determine if they are: (a) concordant (i.e. the 

observed difference does not exceed the significant difference threshold), or (b) 

discordant (i.e. the observed difference exceeds the significant difference threshold). If 

the pattern of concordance and discordance is found and exclusionary criteria are met, the 

student may be identified as LD according to the C/DM. 

The Cross Battery Assessment Approach (XBA)  

The XBA approach specifies five necessary conditions for LD identification: (a) a 

normative deficit in academic achievement, (b) a normative deficit in a cognitive 

processing skill, (c) the deficits in achievement and cognitive processing are theoretically 

related, (d) the student demonstrates otherwise “normal” cognitive abilities, and (e) 

exclusionary criteria are met (Flanagan et al., 2007). An academic achievement or 

cognitive processing deficit is defined as a score greater than one standard deviation 

below the population mean on a standardized assessment (i.e. a standard score < 85).  

Flanagan et al. (2007) specify procedures based on the Cattell-Horn-Carroll 

(CHC) theory of cognitive abilities to determine whether the student demonstrates 

“normal” cognitive abilities. Flanagan et al. utilize performance on seven broad abilities 

from CHC theory: (a) fluid intelligence (Gf), (b) crystallized intelligence (Gc), (c) short-

term memory (Gsm), (d) long-term retrieval (Glr), (e) visual processing (Gv), (f) auditory 

processing (Ga), and (f) processing speed (Gs). Within each broad cluster student 

performance is dichotomized as either deficient or normal. Flanagan et al. provide an 

algorithm based on values of 0 (deficit area) or 1 (normal) for each broad ability. The 

dichotomous (0/1) variable in each CHC broad ability is multiplied by a g loading 
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specified by Flanagan et al. The products are added across all seven broad abilities and if 

the sum is greater than one, the student demonstrates normal cognitive abilities. If the 

student also demonstrates (a) the necessary pattern of theoretically related achievement 

and cognitive deficits and (b) meets all exclusionary criteria, the student may be 

identified as LD.  

RATIONALE FOR THE PRESENT STUDY 

Establishing a valid and reliable model for the identification of LD has challenged 

the field of special education throughout its history. This continued debate affects who 

will receive specialized instruction, at what time, and the nature of the assessment 

process. In recent years, dissatisfaction with IQ-achievement discrepancy and RTI 

models for the identification of LD has led many to advocate a third model, a hybrid 

model featuring intervention through RTI service delivery models and a comprehensive 

assessment to establish a pattern of cognitive processing strengths and weaknesses 

(Flanagan et al., 2006; Hale et al., 2010; Hale, et al., 2006; Hanson et al., 2008, Semrud-

Clikeman, 2005). However, little empirical research exists to validate this model. Indeed, 

no study has investigated the results of utilizing proposed PSW approaches to identify 

LD among a sample of inadequate responders. It is therefore unknown what proportion of 

students would be categorized as LD or not LD according to these approaches. 

Additionally, it is unknown if different PSW approaches demonstrate adequate agreement 

in categorical decisions. Finally, no empirical research has investigated the academic 

profiles of students that meet and do not meet LD criteria according to proposed PSW 

approaches.  

In the proposed study, I address this gap in research utilizing a sample of middle 

school students. All participants in the proposed study demonstrated inadequate response 
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to intervention following a full year of Tier 2 intervention. Academic and cognitive 

testing administered after Tier 2 intervention is utilized to empirically categorize each 

inadequate responder as either meeting or not meeting proposed LD criteria according to 

two PSW approaches: (a) the Concordance/ Discordance Method (CDM; Hale & 

Fiorello, 2004) and (b) the Cross Battery Assessment approach (XBA; Flanagan et al., 

2007). I then utilize these dichotomous determinations to answer two research questions:  

1. What are the rates for LD identification and agreement among proposed PSW 

approaches? 

2. What are the academic profiles and demographic characteristics of inadequate 

responders that meet PSW LD criteria, and how do they compare to 

inadequate responders that do not meet proposed PSW LD criteria?  

Addressing these two questions will provide evidence on the feasibility and 

external validity of the PSW model for LD identification and more specifically two 

proposed approaches for its implementation. If a PSW model is to be widely adopted, it is 

important to consider identification rates and agreement of proposed approaches because 

these factors will significantly impact resource expenditure and allocation.  

Additionally, it is important to consider the academic performance of resulting 

groups as evidence of external validity. If the academic needs of students meeting and not 

meeting LD criteria according to the PSW model are similar, it would raise questions 

regarding the utility of the model. It is only through this sort of ongoing, rigorous 

examination of the models and methods that shape our conceptions and procedures for 

LD that the field can progress towards more effective early identification and treatment 

of LD.  
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Chapter 3:  Methods 

OVERVIEW 

The purpose of this study was to investigate a model of LD identification that 

utilizes academic and cognitive testing data to identify a pattern of psychological 

processing strengths and weaknesses (PSW) as a marker of LD. Proponents argue that 

this model of LD identification should be used for LD identification after a determination 

of inadequate response to Tier 2 intervention (Flanagan et al., 2006; Hale et al., 2010; 

Semrud-Clikeman, 2005).  

In the present study, I utilized cognitive and academic testing data from a sample 

of students that did not meet criteria for adequate response after Tier 2 intervention.  This 

data is utilized to empirically categorize each inadequate responder as either meeting or 

not meeting LD criteria according to two proposed PSW approaches: (a) the 

Concordance/ Discordance Model (CDM; Hale & Fiorello, 2004) and (b) the Cross 

Battery Assessment method (XBA; Flanagan et al., 2007). These categorizations allow an 

investigation of the results of the application of the two approaches to evaluate: (a) LD 

identification rates, (b) agreement between methods, and (c) the reading and academic 

performance of each group.  Two research questions guide the study:  

1. What are the base rates for LD identification and agreement among proposed 

PSW methods? 

2. What are the academic profiles and demographic characteristics of inadequate 

responders that meet PSW LD criteria, and how do they compare to 

inadequate responders that do not meet proposed PSW LD criteria?  
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PARTICIPANTS 

Participants for the study were drawn from a larger study investigating the effects 

of Tier 1, Tier 2, and Tier 3 reading interventions in sixth through eighth grades (See 

Vaughn, Cirino, et al., 2010; Vaughn, Wanzek, et al., 2010, and Vaughn et al., 2011 for 

reports on intervention effectiveness across all three years of intervention). Participants 

attended seven middle schools in two large urban cities in the southwestern United States. 

The sample was nearly evenly split between the two sites, with four middle schools in 

one site and three in the other. All seven schools included a large number of minority and 

economically disadvantaged students. The percentage of students receiving free or 

reduced lunch across the seven schools ranged from 40%-86%.  

All participants received a full year of Tier 2 intervention in year 1 of the larger 

study (2006-2007). Sixth and seventh grade students were selected for the Tier 2 reading 

intervention based upon their TAKS reading score from the previous year (when students 

were in fifth and sixth grades, respectively). Students that scored below a scale score of 

2150
1
 were randomly assigned in a 2:1 ratio to the Tier 2 intervention or a business as 

usual control group. Additionally, students that took an alternative state assessment 

because of the requirements of their Special Education program and had significant 

deficits in reading were included.   

A total of 326 6th and 7th graders began the Tier 2 intervention. Sixteen students 

did not complete the intervention and were unavailable for academic assessment in spring 

of year 1 (remaining n = 310). An additional 70 students did not return to any of the 

participating schools and did not matriculate in the school system in the summer between 

                                                 
1 In fifth and sixth grade, a TAKS scale score of 2,100 is considered passing. A scaled score of 2,150 

indicates that the lower band of the 95% confidence interval included a failing score. 



  

 30 

year 1 and year 2, before the proposed battery of cognitive and academic measures was 

administered (remaining n =240).  

Students not returning (n = 70) were compared with students who returned (n = 

240) on three standardized measures of reading performance administered in the previous 

spring: (a) Woodcock Johnson III: Basic Reading (WJ-III; Woodcock, McGrew, & 

Mather, 2001), (b) Test of Word Reading Efficiency (TOWRE; Torgesen, Wagner, & 

Rashotte, 1999), and (c) WJ-III Passage Comprehension (Woodcock, McGrew, & 

Mather, 2001). A multivariate analysis of variance (MANOVA) revealed no significant 

between group differences F(3, 306) = 0.63, p > .05, η2 = .01 on the set of outcomes. 

These findings provide support that students who did not return (summer attrition) were 

similar to students who did return on the outcomes of interest for this study.   

To address the two research questions, inclusion was limited to students 

demonstrating inadequate response to Tier 2 intervention. Adequate response to 

intervention was defined as a standard score above 90 on three standardized assessments 

of reading: (a) WJ-III Basic Reading, (b) TOWRE, and (c) WJ-III Passage 

Comprehension. Of the 240 students that returned in year 2, 12 students did not complete 

the full battery of academic and cognitive processing assessments and were excluded.  Of 

the 228 for whom full data was available, 89 students scored above the adequate response 

cut point on all three tests and were excluded from further analysis. The final sample of 

139 students included all students that scored below the adequate response cut point on at 

least one measure. Demographic information for both adequate and inadequate 

responders is presented in Table 3.1.  
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Table 3.1:  Demographic statistics for both adequate and inadequate responders 

      Inadequate Responders Adequate Responders 

Variable N = 139 N = 89 

Age 
   

 
M 11.92 11.44 

 
SD 0.75 0.51 

% Male 51.8 47.19 

% F/R Lunch 83.46 75.32 

% ESL 13.53 4.49 

Race/Ethnicity 
  

 
% Black 43.88 46.07 

 
% White 5.04 17.98 

 
% Hispanic 48.92 34.83 

  % Other 2.16 1.12 

    

MEASURING ADEQUATE RESPONSE TO INSTRUCTION 

After a full year of Tier 2 intervention, I utilized performance on three 

standardized reading tests to determine adequate or inadequate response to intervention: 

(a) WJ-III Basic Reading, (b) TOWRE, and (c) WJ-III Passage Comprehension. On each 

of the three reading tests, the cut point for adequate response was set as a standard score 

equal to or greater than 90. This cut point on a standardized, nationally normed 

assessment aligns with previous studies investigating response to intervention (Fletcher et 

al., 2011; Torgesen et al., 2001; Vellutino et al., 2003; Vellutino et al., 2006). Further, it 

is frequently used in studies of learning disabilities as a cut point for participant inclusion 

(Miciak, Williams, & McFarland, 2011).  
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PROCEDURES 

Tier 2 Intervention 

Vaughn, Cirino, et al. (2010) and Vaughn, Wanzek, et al. (2010) provide a 

complete description of the Tier 1 and Tier 2 interventions, implementation procedures, 

fidelity of implementation, and student outcomes from year 1 of the larger study.    

Students assigned to the Tier 2 intervention attended the reading intervention for 

one period (45-50 min.) each day as part of their regular schedule for the entire school 

year. Students attended the intervention class in lieu of an elective course. The 

intervention addressed multiple components of reading, including: (a) word study, (b) 

reading fluency, (c) vocabulary, and (d) comprehension. Instruction proceeded in three 

phases with distinct emphases.  Phase 1 (7-8 weeks) emphasized word study and reading 

fluency. Each day, students engaged in structured partner reading, in which a lower and 

higher performing reader engaged in repeated reading with error correction. Students also 

graphed individual progress. Teachers used the Rewards Intermediate (Archer, Gleason, 

& Vachon, 2005a) curriculum to teach advanced word study skills. In addition to reading 

fluency and word study, students engaged in vocabulary and reading comprehension 

activities. In Phase 2 (17-18 weeks), the emphasis shifted to vocabulary and reading 

comprehension. Students continued to practice fluency and word study skills from Phase 

1, but also received additional instruction in vocabulary and reading comprehension. 

Vocabulary instruction involved simple definitions of target words and opportunities to 

practice using the word. Words were chosen from fluency and comprehension texts. 

Comprehension instruction utilized multiple approaches to improve student 

understanding of text. During reading, students engaged in discussion of the text based on 

questions posed by the teacher and other students. Tutors provided explicit instruction on 

generating questions during reading. Question types included literal questions, questions 
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requiring information synthesis, and questions dependent on background knowledge. 

Tutors also provided instruction on identifying main ideas and summarizing text. Phase 3 

(8-10 weeks) emphasized novel study. Fluency and comprehension activities were 

embedded in novel study units developed by the research team, with a focus on applying 

the strategies during independent reading. Word study and vocabulary routines practiced 

in Phase 2 were unchanged.  

Intervention tutors 

 Twenty-four trained intervention teachers provided the intervention. Each teacher 

held at least a bachelor’s degree. Seventeen teachers also held a master’s degree. 

Nineteen of the teachers had a teaching certification in reading or a reading related area. 

Sixth grade teachers had a mean of 14.2 (SD = 12.0) years of teaching experience. 

Seventh grade teachers had a mean of 6.3 (SD  = 12.0) years of teaching experience. Each 

teacher participated in approximately 60 hours of professional development prior to 

intervention implementation. Teachers also participated in approximately nine hours of 

professional development throughout the year. Additionally, the research team provided 

onsite coaching to each teacher, focused on maintaining high fidelity of implementation 

and ensuring quality instruction.  

Fidelity of implementation 

A trained member of the research team collected information on the fidelity of 

implementation for each intervention teacher across the year. Fidelity data was collected 

up to five times, with a median of four observations per teacher. Intervention teachers 

were evaluated for program adherence and quality of instruction on Likert-type scales 

ranging from 1 (low) to 3 (high). Mean teacher scores for fidelity of implementation 

ranged from 2.00-3.00 and 2.00-2.96 for quality of instruction.  
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Intervention effectiveness 

 In year 1, students in sixth and seventh grades at risk for reading difficulty were 

randomly assigned to either a Tier 2 intervention or a business as usual control condition. 

Among students in the sixth grade, the Tier 2 intervention group demonstrated small, but 

statistically significant gains in decoding, fluency, and comprehension in comparison to 

the control group (median d  = +.16; Vaughn, Cirino, et al.). In contrast, Tier 2 students 

in seventh and eighth grades demonstrated few statistically significant differences in 

comparisons with the control condition (Vaughn, Wanzek, et al.). Although group effects 

in year 1 of the study were generally small, a large group (n = 89) of students met 

adequate response criteria and a large group did not meet criteria (n = 139). In a previous 

study, we found that adequate and inadequate responders to this Tier 2 intervention differ 

on sets of academic and cognitive processing measures (Miciak et al., 2012). This 

suggests that a determination of adequate or inadequate response to the Tier 2 

intervention is empirically justified and educationally meaningful.  

MEASURES 

Assessment Procedures  

All assessments were administered by trained examiners in a quiet location at 

participating students’ middle schools. All examiners completed a training that included 

direct instruction on test administration, as well as guided practice with observation and 

feedback. Prior to conducting any testing with study participants, each examiner was 

required to demonstrate proficiency in a 1:1 session with the assessment coordinator for 

each site. All examiners were blind students’ assigned condition.  

The battery was selected by the research team to balance the need to assess a full 

range of academic and cognitive skills with the need to minimize the testing burden at 
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any one time point. The data presented in this study were collected at three time points: 

(a) in fall of year 1 (2006-2007), prior to Tier 2 intervention (Kaufman Brief Intelligence 

Test-Second Edition (KBIT-2): Verbal Knowledge only), (b) in spring of year 1, as part 

of the Tier 2 posttest battery (WJ-III Basic Reading and Passage Comprehension, 

TOWRE, and KBIT-2 Matrices only), and (c) in fall of year 2 (2007-2008; all other 

measures). The difference in testing dates for the KBIT-2 and the other cognitive 

measures is not ideal. However, all measures with discrepant testing dates are age-

adjusted. It was necessary to administer the KBIT-2 in year 1 of the study to identify 

students with potential intellectual deficits who would not meet inclusion criteria to 

continue the study. The administration of the full academic and cognitive battery was not 

logistically feasible in year 1 because of the large number of participants across multiple 

grades. In year 2, a comprehensive battery assessing a full range of reading and cognitive 

functioning was possible because of the smaller participant sample. The comprehensive 

battery in year 2 allowed for categorization according to PSW models prior to any 

subsequent reading intervention. Thus, it represented an empirical test of the application 

of proposed PSW methods following a determination of inadequate response to Tier 2 

intervention.  

Measures to Determine Risk and Response to Intervention 

Texas Assessment of Knowledge and Skills (TAKS) 

The TAKS (Texas Education Agency, 2004) is a criterion-referenced, group-

administered assessment of academic skills. It is administered in all public schools in 

Texas in grades 3-12. In the larger study, the research team utilized the TAKS Reading 

subtest in grades 5 and 6, matching the grade of the student. The reading subtest is 

untimed and requires the student to read short passages of text and answer multiple 
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choice questions about the passage. The TAKS is aligned with grade-based curricular 

standards (Texas Essential Knowledge and Skills (TEKS)).  The internal consistency 

coefficients (alpha) for the reading subtest for the 2005-2006 school year was 0.87 for 

fifth grade and 0.86 for sixth grade (Texas Education Agency, 2006). Each subtest of 

TAKS yields a scale score. The mean scaled score for the reading subtest for 2005-2006 

was 2244.4 (SD = 183.7) for fifth grade and 2365.6 (SD = 209.1) for sixth grade. For 

each grade level version of the test, a scale score of 2100 is considered passing. The 

research team set a cut point of 2150 to qualify for the Tier 2 intervention.  

Woodcock Johnson III Tests of Achievement (WJ-III)  

 The WJ-III (Woodock, McGrew, & Mather, 2001) is a nationally normed test of 

academic achievement. The research team administered three reading subtests: Letter-

Word Identification, Word Attack, and Passage Comprehension subtests. The three 

subtests were administered in spring of year 1 immediately following Tier 2 intervention. 

The Letter-Word Identification and Word Attack subtests are both untimed measures the 

student’s ability to read lists of real words and pseudowords. The raw score is the total 

number of words read correctly for the Letter-Word Identification subtest and 

pseudowords read correctly for the Word Attack subtest. Scores on the two decoding 

subtests are combined to create the Basic Reading composite. The Passage 

Comprehension subtest assesses the student’s reading comprehension. During standard 

administration, the student is asked to read a sentence or short passage of text and provide 

missing words based on context. The median test-retest reliability coefficients for 

students aged 10-13 is .93 (range = 0.91-0.94) for the Basic Reading composite and .83 

(range = 0.80-0.86) for the Passage Comprehension subtest. Raw scores were used to 

calculate an age-based standard score, which was used in all analyses.  
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Test of Word Reading Efficiency (TOWRE)  

The TOWRE (Torgesen, Wagner, & Rashotte, 1999) is a nationally normed, 

individually administered test of reading fluency. The research team administered two 

subtests: Sight Word Efficiency (SWE) and Phonemic Decoding Efficiency (PDE). The 

TOWRE was administered in spring of year 2, immediately following Tier 2 intervention. 

The TOWRE assesses the student’s ability to fluently read lists of words and 

phonetically-regular pseudo words. During standard administration, the student is asked 

to read words or pseudo words as quickly and accurately as possible. The raw score is the 

sum total of words and pseudo words read correctly in 45 seconds. The median test-retest 

reliability for the TOWRE Composite score for students aged 10-18 is .94 (range = 0.83-

0.92). The sum of the two subtests of the TOWRE yields a combined raw score. This 

score was used to calculate an age-based standard score, which was used in all analyses.  

Measures to Identify a Profile of Strengths and Weaknesses 

Comprehensive Test of Phonological Awareness (CTOPP)   

The CTOPP (Wagner, Torgesen, & Rashotte, 1999) is a nationally normed, 

individually administered test of phonological awareness and phonological processing. 

We administered three CTOPP subtests: Blending Words, Elision, and Rapid 

Automatized Naming- Letters (RAN-L). The Blending Words and Elision subtests 

combine to create a Phonological Awareness composite. The Blending Words subtest 

requires the student to combine discrete phonemes read aloud by the examiner into real 

words. The elision subtest requires the student to omit specific phoneme(s) from a target 

word to form a new word. For students aged 8-17, the test-retest reliability coefficient is 

0.72 for the Blending Words subtest, 0.79 for the Elision subtest, and .84 for the 

Phonological Awareness Composite. The RAN-L subtest is a measure of fluency in 
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naming letters. The task requires the student to read the names of single letters presented 

in rows and columns on the testing stimulus. The test-retest reliability coefficient for the 

RAN-L subtest for students aged 8-17 is 0.72. CTOPP raw scores were converted to age-

based standard scores (M = 10, SD = 2). However, the two methods for evaluating a 

profile of processing strengths and weaknesses require similarly scaled items. I therefore 

rescaled CTOPP standard scores from their original metric to a standard score with a 

mean of 100 and standard deviation of 15 to match the other measures utilized for 

evaluating processing strengths and weaknesses.  

Kaufman Brief Intelligence Test- Second Edition (KBIT-2)  

The KBIT-2 (Kaufman & Kaufman, 2004) is a nationally normed, individually 

administered measure of verbal and nonverbal intelligence. We administered two subtests 

of the KBIT-2: Verbal Knowledge and Matrix Reasoning. The subtests were 

administered in fall (Verbal Knowledge) and spring (Matrix Reasoning) of year 1, during 

Tier 2 instruction. The Verbal Knowledge subtest requires the student to select the correct 

picture from among a set of five or six pictures in response to a word or question read 

aloud. The Matrix Reasoning subtest is a measure of non-verbal intelligence. The student 

is asked to select the correct response from among five or six possible responses to 

complete an analogy. Stimuli presented are both meaningful and abstract. The median 

test-retest reliability coefficient for students aged 10-13 is .91 (range = .88-.93) for the 

verbal knowledge subtest and .78 (range = .76-80) for the Matrix Reasoning subtest. The 

raw score on both subtests was questions answered correctly.  To address disparate 

testing dates, age-based standard scores were used for all analyses involving the KBIT-2.  
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Group Reading Assessment and Diagnostic Evaluation: Listening Comprehension  

 The GRADE (Williams, 2001) is a nationally normed, group-administered test of 

reading and listening comprehension. During standard administration, the student is 

asked to listen to short passages of text read aloud and answer multiple-choice type 

questions about the passage. The research team administered Form A at pretest and Form 

B at post-test. The median test-retest reliability coefficient for grades 6-8 is 0.90 (range = 

.88-.94). The GRADE produces a stanine score for the Passage Comprehension subtest, 

but for purposes of this study, I prorated the raw score to derive a standard score for the 

GRADE Listening Comprehension Composite. 

Underlining Test  

 The Underlining Test (Doehring, 1968) is an individually-administered measure 

of processing speed. During standard administration, a target stimulus is presented at the 

top of a page. Below, there are lines including the target stimuli and distracters. The 

student is asked to underline only the target stimuli as quickly and accurately as possible 

for 30 or 60 seconds. The research team administered four tests with different target 

stimuli, but only utilized scores on the first three subtests for subsequent analyses, 

because one subtest serves as a control for motor speed. The raw score for the three 

included subtests is the total number of correct stimuli underlined, minus the number of 

errors. Raw scores were converted to z-scores (M = 0, SD = 1). The converted z-scores 

for the three subtests were averaged, providing a mean z-score, which was used for all 

analyses. 
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Other Academic Measures 

Group Reading Assessment and Diagnostic Evaluation: Reading Comprehension 

(GRADE) 

 The GRADE (Williams, 2001) Reading Comprehension subtest is a nationally 

normed, group-administered test of reading. The GRADE Reading Comprehension 

subtest was administered in spring of year 1 as part of the Tier 2 post-test battery. During 

standard administration, the student is asked to read short passages of text and answer 

multiple-choice type questions about the passage. The raw score is the total number of 

questions answered correctly. The test-retest reliability coefficient for 7th grade is 0.94, 

and the alternate form reliability coefficient is 0.88. The GRADE produces a stanine 

score for the Passage Comprehension subtest. For the purposes of this study, I utilized a 

prorated raw score to derive an age-based standard score for the GRADE Passage 

Comprehension composite.  

Test of Silent Reading Efficiency and Comprehension (TOSREC)  

 The TOSREC (Wagner, Torgesen, Rashotte, & Pearson, 1999) is a nationally 

normed, group-administered test of reading fluency and comprehension. The research 

team administered the TOSREC in September of year 2, following a determination of 

inadequate response to the Tier 2 intervention. The TOSREC requires the student to read 

a series of short sentences and indicate whether the sentence is true or false. The raw 

score is the total number of true/false questions correct minus incorrects completed 

within three minutes. If the number of incorrect responses exceeds the number of correct 

responses, a raw score of zero is recorded. Within the larger study sample, the mean 

intercorrelation across the five time points in grade 6-8 ranged from 0.79-0.86 (Vaughn, 

Wanzek, et al., 2010). Although the TOSREC was administered as a progress monitoring 

tool in the larger project, in this study I utilize only the fall of year 2 TOSREC to 
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maintain consistency with other reading and cognitive measures. Raw scores were 

converted to age-based standard scores, which I utilized in all analyses.  

Woodcock Johnson- Third Edition Spelling (WJ-III) 

The research team also administered the Spelling subtest of the WJ-III 

(Woodcock, McGrew, & Mather, 2001). The Spelling subtest was administered in a 

group setting in fall of year 2. The Spelling subtest requires the student to correctly write 

single words read aloud by an examiner. The raw score is the total number of words 

spelled correctly. Reliability coefficients for students aged 11-14 range from 0.87-0.92. 

Raw scores were converted to age-based standard scores, which I utilized in all analyses.  

LD IDENTIFICATION WITH THE PSW MODEL 

The Concordance/ Discordance Model (C/DM)  

According to the C/DM, the diagnosis of LD includes three criteria: (a) a 

concordance between an academic deficit and the neuropsychological processes 

associated with the disorder, (b) a discordance between the deficient achievement area 

and neuropsychological processes not related to the disorder, and (c) a discordance 

between processing strengths and weakness (Hale & Fiorello, 2004, p. 180). In addition 

to meeting this inclusionary criterion, the C/DM specifies that the deficits must not be 

due to some other disability or educational disadvantage. If both the inclusionary and 

exclusionary criteria are met, the student may be identified as LD (Hale & Forello). 

Hale and Fiorello (2004) specify that a determination of concordance or 

discordance between academic and processing strengths and weaknesses should be based 

on the presence or absence of a significant difference between two tests. To determine if 

scores on two tests are significantly different, Hale and Fiorello propose utilizing one of 

two estimates of the distribution of differences between two measures to help calculate a 
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threshold for significant difference: (a) the standard error of the difference (SED) and (b) 

the standard error of the residual (SER). For the purposes of this study, I utilized SED to 

calculate significant differences between scores. This follows Hale and Fiorello’s 

recommendation for a first step and is the more conservative of the two models.  

 Calculating SED 

  To determine the threshold for significant difference between two measures, the 

C/DM approach utilizes the SED between two measures, an estimation of the distribution 

of differences between the measures. Hale and Fiorello (2004) recommend using the SED 

to calculate the minimum difference in two observed scores necessary to achieve a 

specified alpha (Hale and Fiorello suggest p < .05 or p < .01) given the reliabilities and 

standard deviations of the two measures. In the present study, I utilized p < .05 for all 

analyses, as it is commonly utilized in statistical analysis. Hale and Fiorello do not 

specify a preferred reliability coefficient. I utilize test-retest reliability coefficients for all 

analyses, because test-retest coefficients were available for all measures utilized in group 

formation.  

When comparing two similarly scaled scores (a prerequisite for calculating SED), 

the formula for calculating the SED is:  

            

in which SD is the standard deviation of the (similarly scaled) measures, rxx is the 

reliability of x measure, and ryy is the reliability of y measure. The SED must then be 

multiplied to determine the minimum observed difference to achieve a specified alpha 

within a normal distribution of observed differences. To achieve p < .05, the SED is 

multiplied by a value of 1.96. The threshold for significant difference for all measures 

utilized is presented in Table 3.2. 
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Table 3.2:  Threshold for significant difference between C/DM measures  

    1 2 3 4 5 6 7 8 

 

Reliability 0.72 0.84 0.905 0.78 0.93 0.83 0.94 0.9 

1. CTOPP Rapid Naming 0.72 -               

2. CTOPP Phonological Awareness 0.84 19.5 - 

      3. KBIT-2 Verbal Knowledge  0.905 18.0 14.8 - 

     4. KBIT-2 Matrix Reasoning 0.78 20.8 18.1 

 

- 

    5. WJ-III Basic Reading  0.93 17.4 14.1 11.9 15.8 - 

   6. WJ-III Passage Comprehension 0.83 16.9 16.9 15.1 18.4 14.4 - 

  7. TOWRE  0.94 17.1 13.8 11.6 15.6 10.6 14.1 - 

 8. GRADE Listening Comrpehension 0.9 18.1 15.0 13.0 16.6 12.1 15.3 11.8 - 

Below the diagonal p < .05. 

 

Theoretical specification of the C/DM model 

 Hale and Fiorello (2004) specify that concordant academic and processing 

deficits should exhibit a close theoretical association, such that the processing deficit 

provides an empirically justifiable hypothesis for the academic deficit (see Hale & 

Fiorello, 2004, p. 180). However, Hale and Fiorello do not provide specific guidance on 

which academic and processing skills are sufficiently linked to provide a justifiable 

hypothesis. Therefore, I established a priori theoretical links between constituent reading 

skills and associated processing skills based on empirical research. In the present study, 

three constituent reading skills were measured: (a) basic decoding, (b) reading fluency, 

and (c) reading comprehension.  

Considerable empirical evidence supports a strong relationship between basic 

decoding skills and phonological awareness (Catts, Adlof, & Weismar, 2006; Torgesen, 

Wagner, Rashotte, Burgess, & Hecht, 1997). Thus, to meet a theoretically specified 

pattern of concordance and discordance, students with deficits in basic decoding had to 

demonstrate: (a) a concordance among the deficient academic skill (basic decoding) and 

phonological awareness skills (i.e. the difference between the scores is less than the 
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significant SED threshold), (b) a discordance among basic decoding and another, 

unrelated processing skill (i.e. the difference between the scores exceeds the significant 

SED threshold), and (c) a discordance among the processing deficit (phonological 

awareness) and another, unrelated processing skill (i.e. the difference in scores does not 

exceed the threshold for significant). Only students that meet these three conditions were 

categorized as LD with deficits in basic decoding according to the C/DM method.  

Similar criteria were applied to students that demonstrate deficiencies in reading 

fluency and reading comprehension. There is a strong association between performance 

on rapid naming tasks and reading fluency (Bowers, 1993; Schatschneider, Fletcher, 

Francis, Carlson, & Foorman, 2004; Torgesen, Wagner, Rashotte, Burgess, & Hecht, 

1997).  Thus, students with deficits in reading fluency had to demonstrate a concordant 

weakness in rapid naming, a discordant processing strength in an unrelated area, and a 

discordance between rapid naming and an unrelated processing strength.  

Reading comprehension deficits are strongly related to language comprehension 

(Shankweiler et al., 1999; Vellutino, Scanlon, & Tanzman, 1994). Thus, students with 

deficits in reading comprehension had to demonstrate a concordant deficit in oral 

language skills, along with discordant processing strengths.  

Establishing deficit cut points 

Hale and Fiorello (2004) do not define what constitutes an achievement deficit, a 

necessary condition for the identification of LD in the C/DM approach. I therefore 

classified participants following procedures with three distinct thresholds for 

achievement deficits: (a) a standard score less than 80 (C/DM < 80), (b) a standard score 

less than 85 (C/DM < 85), and (c) a standard score less than 90 (C/DM < 90). The 
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classification of participants at distinct cut points allowed for an investigation of the 

implications of different cut points both within and between models.  

The Cross Battery Assessment Model 

A potential diagnosis of LD based upon the XBA method followed procedures 

outlined by Flanagan et al. (2007). The XBA method specifies that a student must 

demonstrate: (a) an academic deficit, (b) a processing deficit, and (c) a “normal” 

cognitive profile. Additionally, Flanagan et al. specify that exclusionary factors must be 

considered to rule out the possibility that those factors are the primary reason for the 

disability (p. 128). Academic and processing deficits are based on norm referenced 

assessments. Flanagan et al. define deficits scores as any score falling more than one SD 

below the population mean score.  

In the proposed study, all academic and cognitive variables used in group 

formation were scaled to standard score values, with M = 100, SD = 15. Thus, I created a 

series of dichotomous variables for each academic and processing measure, in which a 

standard score of 84 or less indicated the existence of a deficit in the academic or 

processing skill of interest.  

To determine whether the student had a normal cognitive profile, I assigned a 0 

(below deficit cut point) or 1 (at or above cut point) in each of the seven Cattell-Horn-

Carroll (CHC) clusters (a list of utilized measures by CHC cluster is presented in Table 

3.3). The dichotomous variable is then multiplied by a g loading derived from the SLD 

Assistant version 1.0 (Flanagan et al., 2007). The SLD Assistant requires that a specific 

age be utilized. However g loadings do not differ across the age ranges of participants in 

the present study. For this reason, I utilized the same g loadings for all participants. Thus, 
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for each student, I made a determination of whether his or her profile was “normal” 

following the steps outlined by Flanagan et al.:  

1. Multiplying the dichotomous deficit variable (no deficit = 1; deficit = 0) by its 

cluster g loading.  

2. Summing the products of step 1 across all seven clusters.  

If the sum is > 1, the profile is considered normal. A sum < 1 indicates that the 

student profile has many low values and may indicate a generally low profile, rather than 

the profile of processing strengths and weaknesses that Flanagan et al. argue marks LD. If 

the student demonstrates a “normal” cognitive profile in addition to the necessary 

achievement and processing deficits, that student meets criteria for LD.  

Table 3.3:  Cattell-Horn-Carroll clusters and proposed measures 

CHC Cluster Definition Measure 

Crystallized Intelligence (Gc) Breadth and depth of acquired 

knowledge 

KBIT-2 Verbal 

Knowledge 

Fluid Intelligence (Gf) Ability to reason, form concepts, 

and solve problems 

KBIT-2 Matrix 

Reasoning 

Short term Memory (Gsm) Ability to hold information in 

immediate awareness and use it 

again in a few seconds 

Test of Spatial Working 

Memory 

Long term storage and retrieval 

(Glr) 

Ability to store information and 

retrieve it fluently 

CTOPP Rapid 

Automatized Naming 

(Letters) 

Visual Processing (Gv) Ability to think with visual 

patterns 

Not measured 

Auditory Processing (Ga) Ability to analyze and synthesize 

auditory stimuli 

CTOPP Phonological 

Awareness Composite 

Processing Speed (Gs) Ability to perform automatic 

cognitive tasks 

Underlining Test 

KBIT-2 = Kaufman Brief Intelligence Test- Second Edition; CTOPP = Comprehensive Test of Phonological Processing. 

 a The visual processing cluster was not assessed. For the present study, visual processing skill will be assumed normal in the 

calculation of profile normality. 

 



  

 47 

Theoretical specification of the XBA method 

 Flanagan et al. (2007) specify that the academic deficit and cognitive processing 

deficit must be empirically or logically linked (p. 128). Therefore, I established 

theoretical links between cognitive processing skills and specific reading deficits, 

following procedures that were conceptually similar to those utilized for the C/DM 

method. Thus, I specified a priori theoretical links between the area of academic deficit 

and CHC cluster of the processing deficit. As in the C/DM method, academic 

achievement was measured in three reading domains: (a) word reading, (b) reading 

fluency, and (c) reading comprehension. Each of these domains in reading was linked to 

the CHC cluster most closely related to the specific skill. In word reading, then, I limited 

potential processing deficits to the Ga (phonological awareness/ processing) cluster. For 

reading fluency, I limited potential processing deficits to Glr (naming facility). Finally, 

for students with deficits in reading comprehension, I limited potential processing deficits 

to Gc (language).  

Establishing deficit cut points 

Flanagan et al (2007) specify that both academic and cognitive processing deficits 

are scores more than one standard deviation below the population mean. I therefore 

classified students following the XBA approach with deficits defined as a standard score 

less than 85 (XBA < 85). Additionally, I classified participants at two other deficit cut 

points: (a) a standard score less than 80 (XBA < 80) or (b) a standard score less than 90 

(XbA < 90). The classification of participants at distinct cut points allowed for 

comparisons with the C/DM approach at different deficit cut points, as well an 

investigation of the implications of different cut points for the XBA approach.  
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DATA ANALYSIS 

The analysis plan proceeded in two parts to address the two research questions 

that guide this study. In part one, academic and cognitive assessments administered 

following a determination of inadequate response to Tier 2 intervention were utilized to 

categorize students as: (a) meeting LD criteria or (b) not meeting LD criteria according to 

two proposed approaches for PSW LD identification: (a) the Concordance/ Discordance 

Method (C/DM; Hale and Fiorello, 2004) and (b) Cross Battery Assessment method 

(XBA; Flanagan, Ortiz, & Alfonso, 2007). For each approach, I classified students at 

three deficit cut points, requiring a standard less than (a) 80, (b) 85, and (c) 90. I then 

evaluated agreement between each iteration of the two approaches.  

In part two, I investigated the academic and demographic characteristics of 

students that met and did not meet LD criteria according to PSW methods.  I provide 

descriptive statistics on groups, demographic information, and evaluate whether groups 

differ on a set of reading variables not used to form groups.  

Agreement between Models  

To investigate agreement among the two PSW models, identification rates for 

each permutation were calculated. A frequency count of students identified and not 

identified by each model permits an analysis of identification rates for each method of 

identification. To investigate whether the different permutations of the two methods 

demonstrate acceptable levels of agreement, Cohen’s kappa is calculated for each pair 

comparison. Kappa is an alternative statistic to evaluate interrater agreement for 

categorical data. In contrast to percent agreement, Cohen’s kappa removes chance 

agreement from the index of agreement—a necessary step when evaluating a 

dichotomous outcome (LD vs. not LD). Kappa represents the greatest improvement over 

chance achieved by the independent raters (Orwin & Vevea, 2009).   
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Achievement and Descriptives of Students with LD  

Research question two investigates whether inadequate responders that meet and 

do not meet LD criteria of proposed PSW methods differ in academic performance and 

demographic characteristics. To evaluate group academic performance, I report 

descriptive statistics on all variables, including means and standard deviations each 

group. Additionally, a series of profile graphs of academic variables are reported. 

Variables include: (a) GRADE, (b) TOSREC, and (c) WJ-III Spelling subtest. All 

variables are nationally normed, which facilitates comparisons to age and grade 

expectations.  

To compare the sociodemographic characteristics of inadequate responders that 

met and did not meet LD criteria according to PSW procedures, disaggregated data on 

sociodemographic variables for each dichotomous group are reported. I then evaluate 

whether differences in group membership are statistically significant using a chi squared 

test. 

To compare academic performance, four multivariate analyses of variance 

(MANOVA) comparing performance on a set of academic and reading variables not 

utilized in group formation are conducted. Prior to conducting the four MANOVAs 

comparing group performance, data was inspected for linearity, normality, and 

homogeneity of the covariance matrices. LD status (met criteria or did not meet criteria) 

according to the two approaches was the independent variable. Dependent variables 

include three academic and reading variables not utilized in group formation: (a) GRADE 

Reading Comprehension subtest, (b) TOSREC, and (c) WJ-III Spelling subtest. In the 

presence of a significant F test, follow-up analyses of variance (ANOVA) with individual 

dependent variables were conducted. A Bonferroni correction was utilized to control 

family-wise alpha.  
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Chapter 4: Results 

OVERVIEW 

The purpose of the present study was to investigate two approaches for 

implementing an LD identification model that identifies a pattern of cognitive processing 

strengths (PSW) and weaknesses as a marker of LD. An extant data set was utilized to 

identify a sample of middle school students that demonstrated inadequate response to a 

Tier 2 reading intervention. Each participant completed a battery of cognitive processing 

and academic achievement measures. I utilized this data to empirically categorize each 

participant as either meeting or not meeting LD criteria at different thresholds for 

academic and cognitive processing deficits according to two PSW approaches: the C/DM 

and XBA approaches. These empirical determinations were utilized to answer two 

research questions:  

1. What are the rates for LD identification and agreement among proposed PSW 

approaches? 

2. What are the academic profiles and demographic characteristics of inadequate 

responders that meet PSW LD criteria, and how do they compare to 

inadequate responders that do not meet proposed PSW LD criteria?  

Data analysis proceeds in five phases. In phase 1, descriptive statistics for the 

entire sample on all achievement and cognitive processing variables are reported. 

Additionally, bivariate correlations for all measures are reported. In phase 2, I report the 

LD identification rates that result from implementing the two PSW approaches at three 

different cut points to document academic and cognitive processing deficits. In phase 3, 

agreement on LD identification between the two PSW approaches at the different cut 

points is reported. In phase 4, I report the sociodemographic characteristics of students 

that met and did not meet LD criteria according to the two PSW approaches. Finally, in 
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phase 5, I report the results of four multivariate analysis of variance (MANOVA) 

investigating whether students that met and did not meet LD criteria differ on external 

academic variables. Additionally, data is disaggregated according to the area of reading 

in which the student met PSW criteria, in order to investigate potential differences among 

students that met criteria in different reading domains.  

DESCRIPTIVE STATISTICS   

Table 4.1 presents means and standard deviations for all academic and cognitive 

processing measures for the entire sample. Across reading measures, participants 

performed in the low average to below average range, which is expected because each 

participant fell below at least one of three adequate response criteria. Among criterion 

measures, participants performed similarly on the WJ-III Basic Reading subtest and the 

TOWRE, but scored lower on the WJ-III Passage Comprehension subtest. Participants 

scored in the low to below average range on all other academic measures. Participants 

scored similarly low on all cognitive processing measures, except the Test of Spatial 

Working Memory and the Underlining Test, which were normed on a sample of 

struggling readers.  
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Table 4.1:  Means and standard deviations for full sample of inadequate responders 

 Variable M  SD 

Criterion Reading Measures 

  

 

WJ-III Basic Reading 91.26 9.96 

 

TOWRE 90.58 14.14 

 

WJ-III Passage Comprehension 84.12 9.30 

Other Academic Measures 

  

 

GRADE Reading Comprehension 83.55 9.16 

 

TOSREC 76.45 12.01 

 

WJ-III Spelling 88.86 12.30 

Cognitive Processsing Measures 

  

 

CTOPP Phonological Awareness 89.05 11.60 

 

CTOPP Rapid Letter Naming 87.55 16.02 

 

GRADE Listening Comprehension 87.83 6.46 

 

KBIT-2 Matrix Reasoning 93.40 13.39 

 

Test of Spatial Working Memory
a
 100.76 13.60 

  Underlining Test
a
 99.85 9.79 

N = 139; a Reported score is a converted standard score of (M=100; SD= 15). 

Norming sample is drawn from larger study and includes both adequate and 

inadequate responders. WJ-III = Woodcock Johnson- Third Edition; TOWRE = Test 

of Word Reading Efficiency; GRADE = Group Reading Assessment and Diagnostic 

Evaluation; TOSREC = Test of Silent Reading Efficiency and Comprehension; 

CTOPP = Comprehensive Test of Phonological Processing; KBIT-2 = Kaufman 

Brief Intelligence Test- Second Edition.   

Table 4.2 presents bivariate correlations among all academic and cognitive 

processing measures for the entire sample. Correlations ranged from -.13 - .87. Notably, 

the correlation between the WJ-III Basic Reading subtest and the TOWRE was strong 

(.67). However, the correlation between those criterion reading variables and the WJ-III 

Passage Comprehension subtest was weaker (.36 and .32). Among cognitive processing 

measures, both the Test of Spatial Working Memory and the Underlining test 

demonstrated weak correlations with all other measures (range: -.13 - .34). Other 

cognitive processing measures generally demonstrated small correlations with other 

cognitive processing measures (range: .12 - .31), and more robust, moderate correlations 

with reading and academic measures (range: .09 - .87). All theoretically linked reading 
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and cognitive processing variables demonstrated strong correlations (WJ-III Basic 

Reading-CTOPP Phonological Awareness = .46; TOWRE-CTOPP Rapid Naming = .4; 

WJ-III Passage Comprehension-GRADE Listening Comprehension = .5).  
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Table 4.2: Correlations among reading and cognitive processing measures 

 
Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 

Criterion Reading Measures 

             

 

1. WJ-III Basic Reading - 

            

 

2. TOWRE 0.67 - 

           

 

3. WJ-III Passage Comprehension 0.36 0.22 - 

          
Other Academic Measures 

             

 

4. AIMSweb Reading Maze 0.51 0.53 0.43 - 

         

 

5. GRADE Reading Comprehension 0.31 0.2 0.38 0.21 - 

        

 

6. TOSREC 0.52 0.37 0.45 0.4 0.42 - 

       

 

7. WJ-III Spelling 0.64 0.4 0.43 0.56 0.33 0.44 - 

      
Cognitive Processsing Measures 

             

 

8. CTOPP Phonological Awareness 0.46 0.3 0.29 0.31 0.21 0.28 0.41 - 

     

 

9. CTOPP Rapid Letter Naming 0.26 0.4 0.31 0.41 0.09 0.28 0.32 0.15 - 

    

 

10. GRADE Listening Comprehension 0.29 0.14 0.5 0.21 0.87 0.46 0.33 0.21 0.12 - 

   

 

11. KBIT-2 Matrix Reasoning 0.29 0.15 0.28 0.04 0.28 0.17 0.11 0.28 0.08 0.31 - 

  

 

12. Test of Spatial Working Memory 0 0 0.01 0.01 0.02 0.05 -0.13 0.15 -0.09 0.08 0.13 - 

 
  13. Underlining Test 0.17 0.19 0.2 0.34 0 0.08 0.19 0.16 0.34 -0.01 0.18 0.01 - 

Note: WJ-III = Woodcock Johnson- Third Edition; GRADE = Group Reading Assessment and Diagnostic Evaluation; TOSREC = Test of Silent Reading Efficiency and Comprehension; 

CTOPP = Comprehensive Test of Phonological Processing; KBIT-2 = Kaufman Brief Intelligence Test- Second Edition.   
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IDENTIFICATION RATES 

Concordance/Discordance Method 

Research question one concerned the identification rate of LDs of two proposed 

approaches for implementing a PSW model. To address this question, I empirically 

categorized each participant as either meeting or not meeting the criteria proposed by the 

C/DM approach for LD identification at three thresholds for academic deficits. According 

to the C/DM approach, a student with LD must demonstrate a pattern that includes: (a) a 

concordance (i.e. a non-significant difference) between an academic achievement deficit 

and a cognitive processing weakness that are theoretically related, (b) a discordance (i.e. 

a significant difference) between the academic achievement deficit and a cognitive 

processing strength that are not theoretically related, and (c) a discordance (i.e. a 

significant difference) between the cognitive processing weakness and a cognitive 

processing strength (Hale & Fiorello, 2004). The determination of a significant difference 

between tests is based on a formula utilizing the standard error of the difference (SED), 

which yields a threshold for significant difference at p < .05. The threshold for significant 

difference between tests utilized for the C/DM approach is presented in Chapter 3. Hale 

and Fiorello (2004) do not specify a threshold for documenting academic deficits. I 

therefore empirically classified participants according to the C/DM approach at three 

different cut points for academic deficits: (a) a standard score less than 80 (C/DM < 80), 

(b) a standard score less than 85 (C/DM < 85), and (c) a standard score less than 90 

(C/DM < 90).  

As expected, the number of participants that met C/DM LD criteria varied 

considerably dependent upon which cut point for academic deficit was applied.  With the 

cut point set at a standard score less than 80, 21 (15.1%) participants met all three C/DM 
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criteria and would be classified as LD. When the cut point for academic deficits was 

raised to a standard score less than 85, nearly double the number of participants met 

criteria and would be classified as LD (41; 29.4%). The largest number of participants 

met C/DM criteria when the cut point for academic deficits was set at a standard score 

less than 90 (66; 47.5%). At all three academic deficit cut points, participants were most 

likely to qualify as LD with deficits in reading comprehension or reading fluency. Fewer 

participants met criteria in multiple areas. Table 4.3 summarizes the distribution of 

participants meeting C/DM criteria at the three deficit cut points in each of the three 

reading areas and students that met criteria in multiple reading areas. 

Table 4.3:  Academic deficit area(s) of students meeting C/DM LD criteria at different 

deficit cut points 

 

 Area(s) of Deficit: 

 Basic 

reading 

Reading 

fluency 

Reading 

comprehension C/DM < 80 C/DM < 85  C/DM < 90 

 

yes yes yes 
1 (0.7%) 1 (0.7%) 3 (2.1%) 

 

yes yes no 
3 (2.1%) 4 (2.8%) 4 (2.8%) 

 

yes no yes 
 1 (0.7%)  1 (0.7%) 3 (2.1%) 

 

yes no  no 
4 (2.8%) 5 (3.6%) 7 (5%) 

 

no yes yes 
0 0 3 (2.1%) 

 

no no yes 
7 (5%) 19 (13.7%) 32 (23%) 

 

no yes no 
5 (3.6%) 11 (7.9%) 14 (10.1%) 

 

no no no 
118.0 98 (70.5%) 73 (52.5%) 

Total meeting criteria:        
21 (15.1%) 41 (29.4%) 66 (47.5%) 

Note: Basic reading based on performance on Woodcock Johnson-Third Edition Basic Reading Composite; 

reading fluency based on performance on Test of Word Reading Efficiency; reading comprehension based 

on Woodcock Johnson - Third Edition Passage Comprehension subtest.  
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Cross Battery Assessment Approach 

Each participant was empirically categorized as either meeting or not meeting LD 

criteria according to the XBA approach at three different thresholds for academic and 

cognitive processing deficits. According to the XBA approach, the student must 

demonstrate a pattern that includes: (a) an academic deficit, (b) a processing deficit, and 

(c) a “normal” cognitive profile (based upon performance across all seven CHC clusters; 

Flanagan et al., 2007). Flanagan et al. specify a cut point of a standard score more than 

one standard deviation below the population mean for both academic and cognitive 

processing deficits (i.e. standard score less than 85; XBA < 85). However, to facilitate 

comparisons with the C/DM approach and investigate the implications of different cut 

points, I also classified students at two other deficit cut points. I classified participants 

with the cut point set at a standard score less than 80 (XBA < 80) and at a standard score 

less than 90 (XBA < 90).  

As expected, the number of participants that met XBA LD criteria varied 

dependent upon the cut point for academic and cognitive processing deficits.  With the 

cut point set at a standard score less than 85 as recommended by Flanagan et al., 24 

(17.3%) participants met criteria and would be classified as LD. When the deficit cut 

point was lowered to a standard score below 80, the number of participants that met LD 

criteria dropped to 15 (10.8%). Conversely, when the cut point was raised to a standard 

score below 90, the number of participants that met criteria increased to 34 (24.5%). 

Across the three deficit cut points, the distribution of students qualifying in each reading 

area was relatively even. Few students met XBA criteria in multiple reading areas at any 

cut point. In comparison to the C/DM approach, the XBA approach identified fewer 

students with LDs than the C/DM approach across all three deficit cut points. Table 4.4 

summarizes the distribution of participants that met XBA criteria at the three deficit cut 
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points in each of the three reading areas and students that met criteria in multiple reading 

areas. 

Table 4.4:  Academic deficit area(s) of students meeting XBA LD criteria at different 

deficit cut points  

  

 Area(s) of Deficit: 

 Basic 

Reading 

Reading 

Fluency 

Reading 

Comprehension XBA < 80 XBA < 85  XBA < 90 

 

yes yes yes 
0 0 0 

 

yes yes no 
1 (0.7%) 1 (0.7%) 2 (1.4%) 

 

yes no yes 
0 2 (1.4%) 2 (1.4%) 

 

yes no  no 
4 (2.9%) 6 (4.3%) 8 (5.8%) 

 

no yes yes 
0 0 0 

 

no no yes 
4 (2.9%) 5 (3.6%) 12 (8.6%) 

 

no yes no 
6 (4.3%) 10 (7.1%) 10 (7.1%) 

 

no no no 
124 (89.2%) 115 (82.7%) 105 (75.5%) 

Total meeting criteria:        
15 (10.8%) 24 (17.3%) 34 (24.5%) 

Note: Basic reading based on performance on Woodcock Johnson-Third Edition Basic Reading Composite; reading 

fluency based on performance on Test of Word Reading Efficiency; reading comprehension based on Woodcock 

Johnson - Third Edition Passage Comprehension subtest.  

AGREEMENT BETWEEN APPROACHES 

In order to determine the extent of agreement within and between the two 

approaches, I calculated the percentage overlap between the classification decisions of 

both approaches at all three deficit cut points. Percentage overlap represents the number 

of students identified by both approaches divided by the total number of students 

identified by the two approaches separately. It is an index of agreement among the pool 

of students that would potentially qualify as LD through different iterations of the two 

approaches. The percentage overlap varied considerably, ranging from 8.9% - 62.1%. 

The percentage overlap was higher when comparing different iterations of the C/DM 
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approach (range: 31.8% - 62.1%). Comparisons of different iterations of the XBA 

approach were generally lower (range: 8.9% - 25.8%), as were comparisons between 

iterations of the two approaches (range 10% - 44%). As would be expected, comparisons 

within and between approaches demonstrated higher agreement when deficit cut points 

were the same or closer in scale. Comparisons with greater disparity between cut points 

demonstrated less overlap.  

Cohen’s kappa, is an index of agreement for categorical data. It represents the 

greatest improvement over chance achieved by independent raters or decision rules 

(Orwin & Vevea, 2009).  Kappa statistics ranged from -.04-.63, indicating poor to 

substantial agreement (Landis & Koch, 1977). As with percentage overlap, kappa was 

higher when comparing iterations at the same or similar cut points. Further, agreement 

between different iterations of the C/DM approach (kappa range .33-.63; fair to 

substantial agreement) was generally higher than agreement among different iterations of 

the XBA approach (kappa range .02-.32; poor to fair agreement). When comparing across 

the two approaches, kappa was generally higher when comparing iterations with lower 

cut points (range .31-.56). This can be explained because both approaches identify 

significantly fewer students at lower cut points and there is greater agreement on students 

that did not meet criteria. Agreement statistics between iterations of the two approaches 

are presented in Table 4.5.   
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Table 4.5:  Agreement between the C/DM and XBA approaches at different deficit cut 

points.  

                                                    Approach 

Approach: C/DM < 80 C/DM < 85 C/DM < 90 XBA < 80 XBA < 85 XBA < 90 

C/DM < 80 - 51.2 31.8 44.0 32.4 10.0 

C/DM < 85 0.60 - 62.1 24.4 30.0 13.6 

C/DM < 90 0.33 0.63 - 15.7 20.0 20.5 

XBA < 80 0.56 0.28 0.12 - 25.8 8.9 

XBA < 85 0.39 0.31 0.11 0.32 - 23.4 

XBA < 90 -0.01 -0.04 0.03 0.02 0.22 - 
Below diagonal = kappa; above diagonal = percentage overlap (total identified by both approaches/ total identified).  

SOCIODEMOGRAPHIC CHARACTERISTICS OF PSW GROUPS 

Concordance/ Discordance Groups 

Table 4.6 provides mean age and frequency data for free and reduced lunch, 

history of English as a Second Language (ESL) status (all participating students received 

instruction in English), and ethnicity for the groups that met and did not meet C/DM LD 

criteria at three different cut points. When comparing the group that met C/DM criteria 

with a deficit cut point of 80 (C/DM < 80), there was a significant difference between 

groups for age F(1, 137) = 2.79, p < .05, η
2
 = 0.04. Students in the group that met criteria 

were significantly older than students that did not meet criteria. I also evaluated relations 

between group status and other sociodemographic variables. The group that met C/DM < 

85 criteria was also significantly older than the group that did not F(1, 137) = 10.90, p < 

.05, η
2
 = 0.07. The group comparison on age for C/DM < 90 was not significant F(1, 137) 

= 2.79, p > .05, η
2
 = 0.02. There was no significant association between C/DM group 

status (at any cut point) for gender, free or reduced lunch status, or race/ethnicity. There 

was a significant association between C/DM < 85 LD group status and ESL status, χ
2
(1, 

N = 133) = 5.10, p < .05. Participants that met C/DM < 85 LD criteria were more likely to 
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be designated ESL. There was no significant association between ESL status and: (a) 

C/DM < 80 status or (b) C/DM < 90.  

Table 4.6:  Demographics for groups that meet and do not meet C/DM LD criteria at 

different cut points 

    C/DM < 80   C/DM < 85   C/DM < 90 

  
LD Not LD 

 
LD Not LD 

 
LD Not LD 

Variable N = 21 N = 118   N = 41 N = 98   N = 66 N = 73 

Age 
        

 
M 12.25* 11.86 

 
12.23* 11.79 

 
12.03 11.81 

 
SD 0.78 0.73 

 
0.7 0.74 

 
0.76 0.73 

% Male 47.62 52.54 
 

53.66 51.02 
 

46.97 56.16 

% F/R Lunch
a
 94.73 81.58 

 
86.49 81.44 

 
82.25 84.5 

% ESL
a
 15.8 13.16 

 
24.32* 9.38 

 
16.13 11.27 

Race/Ethnicity 
        

 

% Black 57.14 41.53 
 

46.34 42.86 
 

43.94 43.84 

 

% White 0 5.93 
 

2.44 6.12 
 

3.03 6.85 

 

% Hispanic 38.1 50.85 
 

46.34 50 
 

48.48 49.32 

 

% Other 4.76 1.69   4.88 1.02   4.55 0 
 aESL and F/R lunch status was unavailable for 6 students; *Comparison Significant at p < .05;                                                                         

Cross Battery Assessment Groups 

Table 4.7 provides mean age and frequency data for free and reduced lunch, 

history of English as a Second Language (ESL) status (all participating students received 

instruction in English), and ethnicity for participants that met and did not meet XBA LD 

criteria at different cut points. There was a significant difference in age between the 

group that met XBA < 80 criteria and the group that did not, F(1, 137) = 7.39, p < .05, η
2
 

= 0.05. There was no group difference for age for groups formed with cut points at: (a) 

XBA < 85 , F(1, 137) = 0.87, p < .05, η
2
 = 0.01 or (b) XBA < 90 , F(1, 137) = 2.07, p < 

.05, η
2
 = 0.01. Across all three cut points, there was no significant association between 

XBA LD group status and gender or ESL status. There was a significant association 
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between XBA < 85 LD status and free or reduced lunch status χ
2
(2, N = 139) = 9.30, p < 

.05. Participants that met XBA < 85 LD criteria were more likely to receive free or 

reduced lunch. There was no significant association between free or reduced lunch status 

and XBA < 80 LD status or XBA < 90 LD status. In comparisons of the racial/ethnic 

composition of groups, there was a significant association between XBA < 80 and 

racial/ethnic membership status χ
2
(3, N = 139) = 9.08, p < .05. Participants that met XBA 

< 80 LD criteria were more likely to be African American (100% of students that met 

criteria). There was no significant association between racial/ethnic group membership 

and XBA < 85 LD criteria and XBA < 90 LD criteria.  

Table 4.7:  Demographics for groups that meet and do not meet XBA LD criteria at 

different cut points 

    XBA < 80   XBA < 85   XBA < 90 

  
LD Not LD 

 
LD Not LD 

 
LD Not LD 

Variable N = 15 N = 124   N = 24 N = 115   N = 34 N = 105 

Age 
         

 
M 12.4* 11.86 

 
12.05 11.89 

 
11.76 11.97 

 
SD 0.72 0.86 

 
0.65 0.77 

 
0.76 0.69 

% Male 40.0 53.23 
 

50 52.17 
 

50 52.38 

% F/R Lunch
a
 100 81.51 

 100* 80.36 
 

81.25 84.16 

% ESL
a
 0.00 15.13 

 
9.52 14.29 

 
12.5 13.86 

Race/Ethnicity 
        

 

% Black 80* 39.52 
 

62.5 40 
 

35.29 46.67 

 

% White 0 5.65 
 

4.17 5.22 
 

8.82 3.81 

 

% Hispanic 20 52.42 
 

33.33 52.17 
 

50 48.57 

 

% Other 0 2.42   0 2.61   5.88 0.95 

 aESL and F/R lunch status was unavailable for 6 students; *Comparison Significant at p < .05;                                                                         

ACADEMIC PERFORMANCE OF PSW GROUPS 

Research question two concerned the academic performance of groups that met 

and did not meet PSW criteria. To address this question, I conducted four multivariate 
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analyses of variance (MANOVA) comparing the academic performance of students that 

met and did not meet PSW criteria at different deficit cut points according to the two 

approaches evaluated: the C/DM and XBA approaches. Due to the small number of 

students identified by both approaches when cut points are set at standard scores less than 

80, the present analysis only investigated group differences at cut points of 85 and 90. 

Thus, four separate MANOVAs were conducted, each comparing the group that met LD 

criteria with the group that did not meet LD criteria for two iterations of each approach: 

(a) C/DM < 85, (b) C/DM < 90, (c) XBA < 85 and XBA < 90. The MANOVAs 

compared the academic performance of resultant groups on three external academic 

variables: (a) GRADE Reading Comprehension, (b) TOSREC, and (c) WJ-III Spelling. 

For each comparison, the grouping (independent) variable was a dichotomous contrast 

indicating that the student met or did not meet proposed LD criteria at a specified cut 

point for the specific approach.  

For each MANOVA, I followed procedures for a descriptive discriminant 

analysis, to permit the interpretation of the contribution of specific dependent variables to 

the discriminant function (i.e. group separation). Main effects for group across the set of 

dependent variables were evaluated first. Any significant effects were investigated 

following procedures outlined by Huberty and Olejnik (2006). The MANOVA computes 

a discriminant function that maximally separates groups (i.e. participants that met and did 

not meet PSW LD criteria). Three methods for interpreting the contribution of specific 

variables to the discriminant function are reported: canonical structure correlations, 

standardized discriminant function coefficients, and univariate contrasts. The canonical 

structure correlations represent the correlation of the specific dependent variable to the 

latent, discriminant function. Standardized discriminant function coefficients provide an 

index of the unique contribution of each variable to group separation, given the set of 
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dependent variables. Univariate contrasts are included because there is no significance 

test associated with the preceding canonical procedures. A Bonferroni adjusted alpha of 

.05/3 = .017 will be employed to control family-wise Type I error rate.  

For two iterations of the two approaches (i.e. C/DM < 85, C/DM < 90, XBA < 85, 

and XBA < 90), data were disaggregated according to the specific domain of reading in 

which participants met LD criteria.  Thus for each iteration, I categorized students as 

meeting LD criteria in either: (a) basic reading, (b) reading fluency, or (c) reading 

comprehension. For each resulting group, disaggregated means and standard deviations 

and standard score plots are reported. These data represent a preliminary investigation of 

differences between groups of students that met LD criteria in distinct reading domains. 

These data are presented for descriptive purposes only, as small sample sizes precluded 

further statistical analysis.  

Concordance/ Discordance Groups 

Prior to conducting two MANOVAs on the three external academic measures, 

scores on criterion reading measures and cognitive processing measures for groups that 

met and did not meet C/DM LD criteria at two deficit cut points (C/DM < 85 and C/DM 

< 90) were disaggregated. Means and standard deviations for resultant groups are 

presented in Tables 4.8 – 4.9. Group means on criterion reading measures and cognitive 

processing variables varied systematically, with the group meeting C/DM < 85 criteria 

scoring lower than the group meeting C/DM < 90. As the threshold for academic deficits 

is raised, the mean scores of groups meeting LD criteria correspondingly rise. 

Conversely, as the academic deficit cut point rises, the mean score of the group not 

meeting LD criteria drops and the difference between groups reduce. These results are an 

expected result of shifting cut points for low achievement.  
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Table 4.8:  Descriptive statistics for concordance/discordance method (C/DM) criteria 

with deficit cut point < 85 

 

  

Met 

 C/DM < 85            

LD criteria 

Did not meet 

C/DM < 85  

LD criteria 

  

N = 41 N = 98 

Variable M  SD M SD 

Criterion Reading Measures 

    

 

WJ-III Basic Reading 87.07 10.15 93.01 9.38 

 

TOWRE 85.20 15.89 92.83 12.76 

 

WJ-III Passage Comprehension 79.73 9.90 85.96 8.43 

Cognitive Processsing Measures 

    

 

CTOPP Phonological Awareness 85.73 11.43 90.43 11.45 

 

CTOPP Rapid Letter Naming 87.44 6.93 87.99 6.28 

 

GRADE Listening Comprehension 91.46 17.88 94.20 10.99 

 

KBIT-2 Matrix Reasoning 83.54 16.55 89.23 15.57 

 

Test of Spatial Working Memory 99.09 14.94 101.45 13.02 

  Underlining Test 98.29 8.65 100.50 10.19 

WJ-III = Woodcock Johnson- Third Edition; TOWRE = Test of Word Reading Efficiency; 

GRADE = Group Reading Assessment and Diagnostic Evaluation; TOSREC = Test of Silent 

Reading Efficiency and Comprehension; CTOPP = Comprehensive Test of Phonological 

Processing; KBIT-2 = Kaufman Brief Intelligence Test - Second Edition.   
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Table 4.9:  Descriptive statistics for concordance/discordance method (C/DM) criteria 

with deficit cut point < 90 

 

  

Met  

C/DM < 90          

LD criteria 

Did not meet 

C/DM < 90  

LD criteria 

  

N = 66 N = 73 

Variable M  SD M SD 

Criterion Reading Measures 

    

 

WJ-III Basic Reading 91.05 10.69 91.45 9.32 

 

TOWRE 89.02 15.34 91.99 12.90 

 

WJ-III Passage Comprehension 82.77 10.08 85.34 8.42 

Cognitive Processsing Measures 

    

 

CTOPP Phonological Awareness 90.27 12.84 87.95 10.33 

 

CTOPP Rapid Letter Naming 88.35 6.95 87.36 5.99 

 

GRADE Listening Comprehension 95.48 16.43 91.51 9.59 

 

KBIT-2 Matrix Reasoning 88.56 19.05 86.64 12.75 

 

Test of Spatial Working Memory 100.50 14.23 100.99 13.10 

  Underlining Test 100.32 9.87 99.43 9.76 

WJ-III = Woodcock Johnson- Third Edition; TOWRE = Test of Word Reading Efficiency; 

GRADE = Group Reading Assessment and Diagnostic Evaluation; TOSREC = Test of Silent 

Reading Efficiency and Comprehension; CTOPP = Comprehensive Test of Phonological 

Processing; KBIT-2 = Kaufman Brief Intelligence Test - Second Edition.   

 

Groups that met C/DM LD criteria and groups that did not meet criteria at two 

deficit cut points on three external academic variables were compared. The MANOVAs 

included one independent variable (met or did not meet LD criteria), with three 

dependent variables:  (a) GRADE Reading Comprehension, (b) TOSREC, and (c) WJ3 

Spelling. For the comparison of groups resulting from the C/DM < 85 iteration, there was 

no significant main effect for group status on the set of three dependent variables, F(3, 

135) = 2.36, p > .05, η
2
 = .05. There was also no significant effect for group status for the 

C/DM < 90 iteration F(3, 135) = 0.47, p > .05, η
2
 = .01. Means and standard deviations 

on the three external variables for both C/DM iterations are presented in Table 4.10. A 
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visual comparison of standard scores on the three external academic variables is 

presented in Figures 4.1 and 4.2. 

Table 4.10:  Comparisons on external academic variables for groups classified by C/DM 

approach at different cut points 

 

  

Met LD criteria                            Did not meet LD criteria               

Variable M   SD M SD 

C/DM cut point < 85
a
 

    

 

GRADE Reading Comp 
82.59 10.49 83.95 8.57 

 

TOSREC 
72.76 11.31 78.00 12.02 

 

WJ-III Spelling 
85.63 13.14 90.20 11.74 

C/DM cut point < 90
b
 

    

 

GRADE Reading Comp 
84.18 10.00 82.97 8.36 

 

TOSREC 
76.64 12.39 76.29 11.75 

  WJ-III Spelling 
89.92 13.03 87.89 11.60 

 a Met LD criteria N = 41; did not meet LD criteria N = 98. b Met LD Criteria N = 66; did not meet LD criteria N = 73. 

WJ-III = Woodcock Johnson- Third Edition; TOWRE = Test of Word Reading Efficiency; GRADE = Group Reading 

Assessment and Diagnostic Evaluation; TOSREC = Test of Silent Reading Efficiency and Comprehension; 
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Figure 4. 1:  Academic profiles of students that met and did not meet C/DM < 85 criteria 
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Figure 4.2:  Academic profiles of students that met and did not meet C/DM < 90 criteria 
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To investigate potential differences between groups that met C/DM LD criteria at 

both cut points in distinct reading domains, data for participants that met LD criteria in 
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basic reading, reading fluency, and reading comprehension were disaggregated.  To 

facilitate analysis, three non-overlapping groups were identified: (a) a basic reading 

impaired group, (b) a fluency impaired group, and (c) a reading comprehension impaired 

group. The basic reading impaired group consisted of all participants that met C/DM LD 

criteria in basic reading, including participants that met criteria in basic reading and 

another area(s). In contrast, the fluency and comprehension impaired groups consisted of 

participants that met C/DM criteria only in the designated area. The group comprised of 

participants that met criteria in reading fluency and reading comprehension but not basic 

reading was dropped from this analysis. First, small group sizes did not permit 

meaningful analysis. Second, this group may not be comparable to the comprehension 

and fluency groups, because of the heterogeneity of their reading problems. Therefore, 

there was no theoretical justification for combining this group with other groups 

demonstrating more specific reading impairments.  

Means and standard deviations for participants that met C/DM LD criteria at 

different cut points in distinct reading domains are disaggregated in Tables 4.11 and 4.12.  

A visual comparison of standard scores on the three external academic variables is 

presented in Figures 4.3 and 4.4. The group with basic reading impairments scored lowest 

across all external academic variables. The fluency and comprehension impaired groups 

scored higher and performed similarly on all external variables.  
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Table 4.11:  Means and standard deviations of participants that met C/DM < 85 LD 

criteria disaggregated by area of reading impairment 

  

    

Basic 

Reading 

Impaired 

Fluency 

Impaired  

Comprehension 

Impaired Not LD 

  

N = 11 N = 11 N = 19 N = 98 

Variable M  SD M  SD M  SD M  SD 

GRADE Reading Comprehension 81.45 11.11 85.91 11.44 81.32 9.70 83.95 8.57 

TOSREC 65.73 11.52 74.73 9.76 75.68 10.77 78.00 12.02 

WJ-III Spelling 77.82 10.39 86.09 16.38 89.89 10.87 90.20 11.74 
  

Figure 4.3:  Academic profiles of participants that met and did not meet C/DM < 85 LD 

criteria disaggregated by area of impairment 
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Table 4.12:  Means and standard deviations of participants that met C/DM < 90 LD 

criteria disaggregated by area of reading impairment 

  

    

Basic 

Reading 

Impaired 

Fluency 

Impaired  

Comprehension 

Impaired Not LD 

  

N = 17 N = 14 N = 32 N = 73 

Variable M  SD M  SD M  SD M  SD 

GRADE Reading Comprehension 81.18 10.06 86.00 10.91 84.91 10.01 82.97 8.36 

TOSREC 68.82 12.09 79.14 11.43 79.75 12.05 76.29 11.75 

WJ-III Spelling 79.76 9.90 90.29 15.71 94.88 10.89 87.89 11.60 

Note. Three students that met criteria in fluency and comprehension were excluded.  

Figure 4.4:  Academic profiles of participants that met and did not meet C/DM < 90 LD 

criteria disaggregated by area of impairment, including adequate responders 

 

Cross Battery Assessment Groups 

Tables 4.13 and 4.14 present means and standard deviations on all grouping 

measures for students that met and did not meet XBA criteria for LD at two cut points. 

Similar to the C/DM approach, students that met the XBA LD criteria at the lower cut 

point performed lower on all academic and cognitive processing measures. The lower 
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performance of students identified at a lower cut point is predictable when evaluating 

criterion variables. The larger group that did not meet XBA LD criteria performed 

similarly at both cut points, reflecting the small change in group membership across the 

different cut points.  

Table 4.13:  Descriptive statistics for students that met and did not meet XBA < 85 LD 

criteria.  

  

  

Met  

XBA < 85                      

LD criteria 

Did not meet 

XBA < 85  

LD criteria 

  

N = 24 N = 115 

Variable M  SD M SD 

Criterion Reading Measures 

    

 

WJ-III Basic Reading 83.88 9.82 92.80 9.31 

 

TOWRE 80.42 9.74 92.70 14.02 

 

WJ-III Passage Comprehension 79.25 8.03 85.14 9.26 

Cognitive Processsing Measures 

    

 

CTOPP Phonological Awareness 84.79 10.42 89.93 11.68 

 

CTOPP Rapid Letter Naming 87.21 4.71 87.96 6.78 

 

GRADE Listening Comprehension 94.00 9.75 93.27 14.06 

 

KBIT-2 Matrix Reasoning 83.54 13.14 88.39 16.48 

 

Test of Spatial Working Memory 106.49 8.23 99.56 14.21 

  Underlining Test 97.52 7.30 100.34 10.19 

 WJ-III = Woodcock Johnson- Third Edition; TOWRE = Test of Word Reading Efficiency; GRADE = 

Group Reading Assessment and Diagnostic Evaluation; TOSREC = Test of Silent Reading Efficiency and 

Comprehension; CTOPP = Comprehensive Test of Phonological Processing; KBIT-2 = Kaufman Brief 

Intelligence Test- Second Edition.   
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Table 4.14:  Descriptive statistics for students that met and did not meet XBA < 90 LD 

criteria 

 

  

Met  

XBA < 90                      

LD criteria 

Did not meet 

XBA < 90  

LD criteria 

  

N = 34 N = 105 

Variable M  SD M SD 

Criterion Reading Measures 

    

 

WJ-III Basic Reading 92.53 10.12 90.85 9.92 

 

TOWRE 89.41 11.73 90.95 14.87 

 

WJ-III Passage Comprehension 86.53 7.75 83.34 9.66 

Cognitive Processing Measures 

    

 

CTOPP Phonological Awareness 86.91 12.09 89.74 11.41 

 

CTOPP Rapid Letter Naming 89.24 7.19 87.37 6.17 

 

GRADE Listening Comprehension 98.12 9.14 91.87 14.20 

 

KBIT-2 Matrix Reasoning 90.00 13.54 86.76 16.73 

 

Test of Spatial Working Memory 108.80 7.58 98.15 14.12 

  Underlining Test 100.74 10.23 99.57 9.67 
 WJ-III = Woodcock Johnson- Third Edition; TOWRE = Test of Word Reading Efficiency; GRADE = Group Reading 

Assessment and Diagnostic Evaluation; TOSREC = Test of Silent Reading Efficiency and Comprehension; CTOPP = 

Comprehensive Test of Phonological Processing; KBIT-2 = Kaufman Brief Intelligence Test - Second Edition.   

Groups that met XBA LD criteria and groups that did not meet criteria at two 

deficit cut points on three external academic variables were compared. The MANOVAs 

included one independent variable (met or did not meet XBA LD criteria), with three 

dependent variables:  (a) GRADE Reading Comprehension, (b) TOSREC, and (c) WJ3 

Spelling. For the comparison of groups resulting from the XBA < 85 iteration, there was 

a significant main effect for XBA LD group status on the set of three dependent 

variables, F(3, 135) = 4.94, p < .05, η
2
 = .10. To help interpret the contribution of 

individual variables to the discriminant function, canonical structure correlations and 

standardized discriminant function coefficients are reported in Table 4.15. All three 

methods for interpreting the contribution of specific variables to the discriminant function 

agree in the strong contribution of the WJ-III Spelling subtest. A visual comparison of 



  

 74 

standard scores for the group that met and did not meet the XBA < 85 LD criteria is 

presented in Figure 4.5. The comparison of groups resulting from the XBA < 90 on the 

three external academic variables indicated no significant main effect for XBA < 90 LD 

group status, F(3, 135) = 0.25, p > .05, η
2
 = .01. A visual comparison of the performance 

of the two groups on the three academic measures is presented in Figure 4.6.   

Table 4.15:  Canonical structure correlations and standardized coefficients for XBA < 85 

LD group status 

 

   

LD vs. 

Variable 

 

Not LD 

Measure   rs sdfc 

GRADE Reading Comprehension 0.21 -0.2 

TOSREC 0.55 0.23 

WJ-III Spelling 0.98* 0.99 

Note. sdfc = standardized discriminant function coefficient;   * Univariate p < .017 (.05/3).  

Figure 4.5:  Academic profiles of students that met and did not meet XBA < 85 criteria 
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Figure 4.6:  Academic profiles of students that met and did not meet XBA < 90 criteria 

 

To investigate potential differences between groups that met XBA LD criteria at 

different cut points in distinct reading domains, data for participants that met criteria in 

basic reading, reading fluency, and reading comprehension were disaggregated.  

Paralleling the C/DM analysis described above, three non-overlapping groups were 

identified: (a) a basic reading impaired group, (b) a fluency impaired group, and (c) a 

reading comprehension impaired group. The basic reading impaired group consisted of 

all participants that met XBA LD criteria in basic reading, including participants that met 

in basic reading and another area(s). The fluency and comprehension impaired groups 

consisted of participants that met XBA criteria only in the designated area 

Means and standard deviations for participants that met XBA criteria at different 

cut points in distinct reading domains are disaggregated in Tables 4.16 and 4.17. A visual 

comparison of standard scores on the three external academic variables is presented in 

Figures 4.7 and 4.8. The group that met XBA LD criteria in basic reading scored lowest 

on all measures except the GRADE Reading Comprehension test, for which the 
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comprehension impaired group scored lowest at both cut points. When the cut point was 

lowered to 85, the group that did not meet LD criteria scored highest on all measures 

except the GRADE Reading Comprehension test, for which the fluency group scored 

highest. However, when the cut point was raised to 90, the fluency impaired group 

outperformed all other groups on all measures.  

Table 4.16:  Means and standard deviations of participants that met XBA < 85 LD criteria 

disaggregated by area of reading impairment 

  

    

Basic 

Reading 

Impaired 

Fluency 

Impaired  

Comprehension 

Impaired Not LD 

  

N = 9 N = 10 N = 5 N = 115 

Variable M  SD M  SD M  SD M  SD 

GRADE Reading Comprehension 82.00 7.47 85.40 7.55 76.20 6.80 83.83 9.42 

TOSREC 66.33 8.56 76.40 8.21 73.00 15.62 77.40 12.09 

WJ-III Spelling 74.89 9.40 84.10 13.27 84.00 10.00 90.57 11.75 
  

Figure 4.7:  Academic profiles of students that meet and do not meet XBA LD < 85 

criteria by area of reading deficit 
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Table 4.17:  Means and standard deviations of participants that met XBA < 90 LD criteria 

disaggregated by area of reading impairment 

  

    

Basic 

Reading 

Impaired 

Fluency 

Impaired  

Comprehension 

Impaired Not LD 

  

N = 12 N = 10 N = 12 N = 105 

Variable M  SD M  SD M  SD M  SD 

GRADE Reading Comprehension 86.33 8.87 91.10 6.94 77.42 7.35 83.21 9.08 

TOSREC 75.58 9.88 82.70 9.14 75.58 12.56 76.06 12.38 

WJ-III Spelling 84.00 9.30 94.90 10.92 89.75 14.70 88.73 12.33 

          

Figure 4.8:  Academic profiles of students that meet and do not meet XBA LD < 90 

criteria by area of reading deficit 
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Chapter 5: Discussion 

The purpose of this study was to investigate two approaches for implementing an 

LD identification model that identifies a pattern of cognitive processing strengths and 

weaknesses (PSW) as a marker of LD. I utilized an extant dataset to identify a sample of 

middle school students that had completed academic and cognitive testing following a 

determination of inadequate response to a Tier 2 intervention. Participants were 

empirically categorized as meeting or not meeting LD criteria at three different deficit cut 

points according to two approaches for implementing a PSW model: C/DM and XBA. 

These dichotomous determinations permitted investigation of: (a) the identification rate 

of each PSW approach at different deficit cut points, (b) agreement within and between 

approaches at different deficit cut points, (c) whether groups that met or did not meet LD 

criteria differed in their sociodemographic characteristics, and (d) whether participants 

that met or did not meet LD criteria differed on a set of reading and reading related 

measures. In the discussion that follows, I summarize and discuss findings related to each 

analysis. General implications for the PSW model and the process of LD identification 

are discussed. Finally, limitations of the present study and directions for future research 

are discussed. 

IDENTIFICATION RATES 

The identification rates of LD for the two approaches at different cut points varied 

widely. The percentage of participants that met LD identification criteria ranged from 

10.8% (XBA < 80) to 47.5% (C/DM < 90). For both approaches, the percentage of 

participants who met LD criteria varied systematically, with each increase in the cut point 

for low achievement resulting in a greater number of participants who met criteria. In a 

comparison of the different PSW approaches, the C/DM approach identified a much 
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larger percentage of participants than the XBA approach at all comparable deficit cut 

points. Indeed, across different cut points, the C/DM approach identified 40%-95% more 

students than the XBA approach at similar cut points.  

Interpretation of the different rates of LD identification in the present study is 

difficult. First, it is important to note that the sample is limited to students with persistent, 

intractable reading difficulties,  representing a sample of students that may be referred for 

a comprehensive evaluation for special education per recommendations for implementing 

PSW approaches (Hale et al.; 2010). PSW proponents advocate that this comprehensive 

evaluation should be administered following a determination of inadequate response to 

Tier 2 intervention (Flanagan, Fiorello, & Ortiz, 2010; Hale & Fiorello, 2004; Mather & 

Gregg, 2006; Naglieri, 1999). Thus, the sample represents well the population of students 

that may be referred for assessment under a hybrid PSW model. In this context, it is 

expected that a large number of participants would meet LD criteria. However, it is 

impossible to determine what the appropriate identification rate would be. There is no 

“gold standard” for LD status; estimates of the prevalence of the disorder vary widely and 

generally depend on the cut points used to indicate a deficiency on different attributes of 

LD (Fletcher et al., 2007). Additionally, it is difficult to extrapolate from the results of 

the present study to estimate the identification rate of the general population.  

Although it is difficult to determine which approach categorizes the correct 

percentage of inadequate responders as LD, it is important to note the incompatibility of 

the results from different iterations. In simple terms, they cannot all be correct. Indeed, 

the most inclusive C/DM approach (C/DM < 90) identifies close to 4.5 times as many 

participants as the most restrictive XBA approach (XBA < 80).  Even within single 

approaches, the rate of identification is two to three times higher when a cut point of 90 is 

used, rather than the lower cut point of 80. Such dramatic shifts highlight the fundamental 
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role that cut points play in determining the rate of identification. The two proposed PSW 

approaches also differ dramatically in the percentage of participants meeting criteria. At 

every cut point, the XBA identifies a much lower percentage of participants. This 

disparity could result in large differences in LD identification rates across different 

schools and districts if the PSW model was widely adopted and the two approaches used 

interchangeably.  

AGREEMENT BETWEEN APPROACHES 

The extent of agreement between the C/DM and XBA approaches for 

implementing a PSW model was also investigated. Each approach was evaluated at three 

different cut points, and agreement was evaluated both within and between approaches. 

The purpose was to determine if different iterations of the two approaches agreed on 

which participants met LD criteria and which did not. In comparisons of different 

iterations within the same approach, agreement statistics further illustrate the 

fundamental importance of cut points to group membership. For the C/DM approach, the 

percentage overlap ranges from 31.8%-62.1% (kappa range = .33-.63). For the XBA 

approach, the percentage overlap is even lower, ranging from 8.9%-25.8% (kappa range 

= .02-.32).  

This variability in classification decisions even within the same approach also 

highlights the psychometric difficulty of applying fixed cut points to continuous data. 

Any comparison of classification decisions based on applying cut points to continuous 

data is subject to classification variability (Barth et al., 2008; Francis et al., 2005). This is 

an inherent result of imperfect, correlated tests that measure unobservable constructs. 

Even if an assessment perfectly measured the construct of interest, group membership 

would fluctuate and agreement would suffer because of imperfect test reliability. 
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Agreement between the classification decisions of the two distinct PSW 

approaches is generally lower than agreement between iterations of the same approach. 

Achieving a high level of agreement between approaches is difficult because the two 

approaches implement the PSW model differently. The C/DM is primarily an ipsative, or 

within-person approach (Hale et al., 2004). The pattern of strengths and weaknesses is 

based on a within-person comparison of scores across a comprehensive assessment 

battery. In contrast, the XBA method is primarily a normative approach (Flanagan et al., 

2007). The pattern of strengths and weaknesses is based on a series of dichotomous 

contrasts with “average” expectations. Despite these differences, the two approaches are 

often advocated as alternatives for implementing the same PSW model (see for example, 

Hale et al., 2010; Hanson et al., 2008). However, The Standards for Educational and 

Psychological Testing are clear that tests and testing procedures utilized to make 

dichotomous determinations should be evaluated for the consistency of those decisions 

(American Educational Research Association/ American Psychological Association/ 

National Council on Measurement in Education, 1999). The results of this study raise 

significant questions about the acceptability of the two approaches as equivalent 

alternatives of the same PSW model.  

Remarkably, the results of the present study may understate variability in the 

dichotomous classifications of the two approaches. This is because the present study 

utilized the same measures to: (a) determine intervention response, (b) identify academic 

deficits, and (c) identify theoretically related processing deficits within both PSW 

approaches. If the two methods were widely implemented, it is likely that different 

schools and districts would utilize different tests. The use of different tests would 

introduce another significant source of variability into the LD eligibility process. 

MacMann et al. (1989) evaluated different approaches for computing an IQ-achievement 
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discrepancy using the same and different measures. While the study found variability as a 

result of different computational methods, “the degree of variation attributed to the 

different methods of discrepancy score calculation was trivial in comparison to the 

extreme levels of classification inconsistency introduced by test selection” (emphasis in 

original;  MacMann et al., p. 139). Although psycho-educational methods have improved 

in the intervening years, this concern remains valid. The bivariate correlations reported in 

the present study provide evidence that significant variability would be introduced by the 

choice of different achievement or cognitive processing measures. Indeed, among only 

reading tests, correlations in the present study ranged from .2 - .52. This measurement 

error would inevitably result in greater variability in classification decisions.  

ACADEMIC PROFILES 

The second research question investigated differences in the academic 

performance of participants that met or did not meet LD criteria according to the two 

PSW approaches. For each approach, the group of participants that met LD criteria with 

cut points set at 85 and 90 were compared to the group that did not meet LD criteria on a 

set of three reading and reading-related tests. The results indicated no statistically 

significant differences for groups classified according to the C/DM approach at either cut 

point. For groups classified according to the XBA approach, there was no statistically 

significant difference between groups resulting from a cut point of 90. When the cut point 

was lowered to 85, there was a statistically significant difference between groups (η
2
 = 

.10). Participants that did not meet XBA < 85 criteria scored better across the set of three 

academic measures. All methods for interpreting group separation agreed in heavily 

weighting the WJ-III Spelling subtest. Univariate contrasts paralleled this result, finding 

statistically significant differences between groups on only the spelling subtest.  
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The failure to find more robust differences between groups that met and did not 

meet criteria according to the two approaches raises questions about the external validity 

of the PSW model. Any proposed classification model for LD should be subject to 

empirical verification of its validity (Morris & Fletcher, 1998). Absent an agreed upon 

diagnostic standard, resultant groups must be compared on external variables—that is 

variables not utilized for group formation (Stuebing et al., 2002). If the groups differ on a 

set of external variables in some practically significant way, the classification system 

would accrue validity (Morris & Fletcher). The present study does not find strong 

evidence for this type of validity.  

The failure to find large differences between identified groups for either approach 

also casts doubt on whether the classification decisions of the two approaches reflect 

qualitative group differences. The fundamental question is whether differences in 

cognitive profiles that result in classification differences create qualitatively different 

groups. An alternate explanation posits that differences in classification are the result of 

applying arbitrary cut points to correlated, continuous data. Recent studies have found a 

strong linear relationship between the cognitive skills underlying reading and reading 

achievement, with a stepwise progression among groups reflecting the severity of reading 

impairment (Fletcher et al., 2011; Vellutino et al., 2006). In the present study, it is 

notable that the only statistically significant univariate contrast was for the WJ-III 

Spelling test. That measure exhibited a strong correlation with the criterion reading 

measures, two of which were from the same published battery. Thus, between group 

differences may be better explained as reflecting differences in level of reading 

impairment, rather than a qualitative difference in cognitive processing resulting in 

fundamentally different groups. The presented achievement graphs appear to support this 
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assertion, as groups are separated by level, but do not differ in the pattern of their 

achievement.  

Studies evaluating the validity of LD classification should compare students that 

meet LD criteria to students that do not on sets of external variables, such as cognitive 

processes, neuroimaging results, and intervention response. The fundamental question is 

whether the groups demonstrate qualitative differences. However, a corresponding 

question is often left unasked. How do the educational needs of the group that did not 

meet LD criteria differ from the needs of the group meeting criteria? In the present study, 

all participants demonstrated a significant deficit in at least one reading area. On average, 

groups formed utilizing the PSW approaches demonstrated significant reading deficits 

across all measures. What would be different about the types of interventions that would 

be employed?   

SOCIODEMOGRAPHIC VARIABLES 

The final analysis investigated whether participants that met and did not meet LD 

criteria according to the two approaches at different cut points differed on a number of 

sociodemographic variables, including: age, race/ethnicity, ESL status, and free or 

reduced lunch status. Results for the C/DM approach at lower cut points indicated that 

participants that met criteria were on average significantly older than participants that did 

not meet criteria. The group that met LD criteria was approximately half a year older, on 

average. The XBA < 80 comparison revealed a similar, statistically significant 

association for age. This finding is a predictable result of school retention policies. 

Students that met LD criteria with a cut point of 80 were comparably lower on all 

academic and cognitive processing measures. Thus, it is expected that this group may 

include a higher percentage of retained students.  
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A significant association was also found between XBA < 85 LD group status and 

free or reduced lunch status. Additional significant associations were found between 

C/DM < 85 group status and ESL status, as well as XBA < 80 group status and 

race/ethnicity. These findings are noteworthy because economic disadvantage and 

cultural and language differences are exclusionary clauses included in federal regulation 

and stipulated by both PSW approaches (Flanagan et al, 2007; Hale & Fiorello, 2004). 

However, there is no explicit guidance in any of these documents on how these 

exclusionary clauses should be applied. Indeed, it is difficult to imagine what sort of 

decision rule(s) could be consistently applied. For economic disadvantage, the federal 

exclusions emerged because of concerns about comingling Title 1 and special education 

funds. Cultural and linguistic diversity is an exclusionary clause because children should 

not be identified as LD if the problem relates to language proficiency or cultural 

differences. This procedural difficulty is not unique to the PSW model. In fact, the field 

of special education has struggled with issues of disproportionate representation of 

economically and linguistically diverse students from its inception (Donovan & Cross, 

2002; Heller, et al., 1982; Mercer, 1973). This debate exists not because economic, 

cultural, and linguistic diversity have no impact on educational need. Scientifically, the 

identification of LD presumes that the achievement problem is not primarily the result of 

these factors. But how they are assessed is unclear and often a matter of the judgment of 

an interdisciplinary team or clinician (Fletcher, 2007). Tension around this issue for 

systems of LD classification will likely continue as long as such decisions are in fact 

decisions about resource allocation.  
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IMPLICATIONS FOR THE PSW MODEL 

Conceptual cohesiveness 

The C/DM and XBA approaches are often presented as equivalent alternatives of 

the same conceptual model for the identification of LD (see for example Hale et al., 

2010; Hanson et al., 2008). However, the results of the present study raise questions 

about the interchangeability of the two approaches. First, the two approaches 

demonstrated poor to moderate agreement on classification decisions regardless of the cut 

point applied. Agreement between classification decisions based on psychometric data 

inherently suffers as a result of: (a) less than perfect test reliability, (b) imperfect 

measurement of the latent construct, and (c) variability introduced by different measures. 

However, agreement between the C/DM and XBA approach is impacted further because 

of the different manner in which the two methods identify a pattern of cognitive 

processing strengths and weaknesses. At best, the approaches agreed on only 44% of the 

students potentially classified as LD, a troublingly low level of agreement on LD 

classification. In addition to impacting agreement, differences in implementation result in 

samples that differ in their academic profile. As a result of the ipsative approach 

advocated by Hale and Fiorello (2004), participants that met C/DM < 90 criteria 

demonstrated small, not statistically significant advantages on a set of external reading 

measures. In contrast, as a result of the normative approach advocated by Fiorello et al. 

(2007), participants that met XBA < 90 LD criteria performed slightly lower than 

students that did not meet criteria.  

Which of these approaches, then, best operationalizes unexpected 

underachievement? Does unexpected underachievement require an intra-individual 

discrepancy, as in the C/DM approach? Or is it better defined as normative deficits in an 

otherwise “normal” cognitive profile? The answer to this question is outside the scope of 
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the present study. However, it should be the subject of empirical investigation. Evidence 

for the validity of either model would include a demonstration of: (a) qualitative 

differences between groups on external academic and cognitive assessments, (b) high 

reliability of classification decisions, and (c) improved treatment outcomes as a result of 

classification decisions. The present study found little evidence supporting qualitative 

differences between groups on external variables involving achievement and documented 

poor reliability in classification decisions. In the absence of evidence for the external 

validity of the PSW model, arguments for either approach for implementing a PSW 

model are caught in an unverifiable loop. Further, the results of the present study suggest 

that such empirical justification is necessary for each approach independently, as the two 

approaches may be conceptually incompatible.  

Necessity of aptitude by treatment interactions 

The methodological challenges revealed in the present study may not be 

insurmountable. Justification for such an endeavor would have to be based on the 

relationship between cognitive processing patterns and improved treatment response. 

Advocates of a PSW model argue that a comprehensive assessment can help inform 

subsequent intervention and improve treatment response (Hale et al., 2010; Hanson et al., 

2008; Reynolds & Shaywitz, 2009). However, despite years of research, group by 

treatment interactions remain largely speculative and unproven (Kearn & Fuchs, 2013; 

Pashler, McDaniel, Rohrer, D., & Bjork, 2009). In a recent literature review investigating 

group by treatment interactions, Pashler et al. concluded that the evidence for such 

interactions is at best fragmentary and often contradicted. Kearns and Fuchs (2010) 

conducted a separate, unpublished review of literature investigating group by treatment 

interactions based on interventions focused on cognitive deficits. The review found no 
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evidence for a group by treatment interaction such that cognitively focused interventions 

aimed at students with specific cognitive deficits produce better effects (Kearn & Fuchs; 

as cited in Fuchs, Hale, & Kearns, 2011).  

Questions about efficiency 

In the absence of compelling evidence of improved treatment outcomes, critics 

may question the allocation of resources required to implement the PSW model. Consider 

for example, the resources expended to identify a student as LD according to the C/DM < 

90 approach, the most inclusive iteration in the present study. Following Tier 2 

intervention, the student would be referred for a comprehensive evaluation, similar to 

what was administered in the present study. Given a 2-3 hour battery and approximately 

50% LD identification rate, it would require approximately 4-6 hours of individual 

testing to classify one student as LD. If we consider the XBA < 90 method, which has a 

lower identification rate of roughly 1 in 4 students, the process to identify one student 

with LD would require between 8-12 hours of testing.  As cut points are lowered, the 

number of testing hours required to identify a single student spikes, peaking at 20-30 

hours of testing to identify one student utilizing the XBA < 80 iteration. This represents a 

significant outlay of resources. Further, the amount of time dedicated to testing may 

delay the provision of critical intervention, reprising the wait to fail critique.  

A better allocation of resources may focus on directly assessing the academic 

skills of interest and providing instruction in that area. All classification systems based 

strictly on psychometric data present methodological difficulties and variability in 

classification decisions (Barth et al., 2008; Francis et al., 2005; MacMann et al., 1989). 

Despite this difficulty, classification decisions will be necessary as long as subsets of 

students continue to demonstrate increased academic need in a system of finite resources. 
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To address this, the field may be best served by following MacMann et al.’s call for an 

assessment system based on “a coherent psychology of helping” (p. 145). Rather than 

focus on issues of etiology and classification, assessment could be understood as a means 

to design and evaluate intervention. Through this lens, the question is subtly shifted from 

which students qualify for help, to which students need help.  

IMPLICATIONS FOR LD IDENTIFICATION 

This study began with a brief historical review of the study of learning 

disabilities. Within such a review, it is possible to identify the roots of ideas that continue 

to influence present-day debates. From its origins in Europe, the field of LD began as 

study of unexpected difficulties in language or reading. For Gall, such unexpected 

difficulty manifest as specific aphasia due to brain trauma, with no corresponding loss of 

intellectual functioning (Hallahan & Mercer, 2002). In subsequent years, the idea of 

unexpected difficulty was also central to descriptions of a condition marked by reading 

difficulties despite otherwise normal vision, intellect, and language investigated by 

researchers such as Kussmaul, Morgan, and Hinshelwood. In the twentieth century, 

researchers in the U.S. capitalized on improved psychometric methods to shift the field 

away from neurological explanations of learning difficulties toward a cognitive 

framework. This paradigmatic shift resulted in an explosion of research and advanced our 

understanding of learning difficulties. Throughout this paradigmatic shift, however, the 

central importance of unexpectedness remained. Indeed, as the work of cognitive 

researchers such as Cruikshank, Mykelburst, Johnson, and Kirk culminated in formal 

recognition of the condition, unexpected underachievement was codified as a definitional 

characteristic of LD, setting it apart from expected underachievement.  
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Advocates of the PSW model are the intellectual descendants of this research 

paradigm. Indeed, in its 2010 white paper supporting a PSW model, the LDA stated that 

the “very essence of LD lie in its definition, making it qualitatively and functionally 

different from low achievement only” (Hale et al., 2010, p. 226). Such a statement 

situates the LDA and likeminded scholars within the very cognitive framework built and 

defined by Kirk and his colleagues. The PSW model represents a system to identify 

unexpected underachievement due to cognitive processing differences. Further, if one 

accepts this definition of learning disabilities, it is indeed true that an instructional model 

such as RTI cannot reliably distinguish between students with LD and students with 

garden variety low achievement (Hale et al., 2007; Kavale & Spaulding, 2008). It is 

axiomatic. However, this is not a question that would be raised from an RTI approach 

because distinctions between LD and low achievement are not relevant and are not part of 

the classification. Rather, unexpected underachievement is indicated by inadequate 

instructional response (as one of several attributes).   

LIMITATIONS 

The results of the present study are specific to the sample and measures described. 

Several limitations must also be acknowledged. First, the present study represents an 

earnest attempt to implement two approaches to a PSW on a large scale, in order to 

answer questions that can only be investigated with a large number of participants. 

However, it should be acknowledged that neither PSW approach is designed to be 

implemented in this way. Although both approaches provide specific formula for 

identifying a pattern of cognitive processing strengths and weaknesses, the creators of 

both approaches caution against a strict actuarial implementation of the model (Flanagan 

et al., 2007; Hale & Fiorello, 2004). Both approaches advocate that the results of 
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assessment should be supplemented with the expertise of a multi-disciplinary team. 

Indeed, assessment results should be interpreted by the multi-disciplinary team as 

hypotheses to explain academic difficulties. It may be that the classification decisions of 

such a team would differ from the findings of the present study.  

Additionally, various limitations arise because the present study was designed 

after implementation of the intervention and testing procedures in the larger intervention 

study. A study specifically designed to investigate PSW approaches may have utilized 

different measures and procedures. For example, in the present study the time of 

administration for some of the measures varies. This reflects the constraints of a large-

scale intervention study and the need to limit the amount of assessment time. An ideal 

study would have administered the entire assessment battery at one time point. To 

address discrepant testing times, age-based standard scores were utilized when available. 

However, it is important to note the PSW model is premised on a belief that cognitive 

processing is less malleable than academic achievement thus less susceptible to 

intervention than academic achievement.  

Another consideration resulting from this post-hoc design concerns two of the 

measures utilized as part of the XBA identification process. The Underlining Test and 

Test of Spatial Working memory were normed on the sample of struggling readers from 

the larger intervention study, because national norms were unavailable. The measures 

may have functioned differently than nationally normed measures. However, the effect of 

this limitation is unlikely to change the conclusions of the study. First, the two measures 

were utilized for the purposes of establishing a “normal” cognitive profile only. The 

effect of a restricted norming sample would result in inflated scores and thus a higher 

frequency of normal profiles. As a normal profile is required within the XBA approach, 

the result of utilizing population norms may have decreased the number of normal 
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cognitive profiles and potentially decreased the number of students identified. Second, 

the weak correlations between the two measures and all reading measures suggest that the 

restriction of range displayed by the reading-impaired sample may have been minimal.  

Another important consideration is the relatively low number of adequate 

responders to the Tier 2 intervention. Roughly one in three participants met our criteria 

for adequate response, and the intervention study showed only small effects (Vaughn, 

Cirino, et al., 2010; Vaughn, Wanzek, et al., 2010). This percentage of adequate 

responders is lower than similarly designed studies utilizing a sample from early 

elementary (Fletcher et al., 2011). This difference may reflect the difficulty of 

remediating reading difficulties at older ages. Indeed, in a recent meta-analysis, 

Scammacca et al. (in press) found a median effect size of .24  It is also possible that the 

intervention was insufficiently intensive or not ideally matched to the educational needs 

of poor readers in middle school, so a more effective intervention may have altered the 

results of the current study. Note that many of these inadequate responders showed a 

more robust response with two and then three years of intervention (Vaughn et al., 2011; 

Vaughn et al., 2012). 

Finally, it is important to note that a sample of inadequate responders in middle 

school may not represent the population most commonly referred for an assessment of 

LD. Future studies should investigate the feasibility of a PSW model in elementary 

school. With a different sample, the results may have been different.  

DIRECTIONS FOR FUTURE RESEARCH 

Rather than design a large scale, simultaneous evaluation of the PSW model, 

future investigations could be conducted on a case-by-case, cumulative basis. This sort of 

evaluation may allow a more valid test of the LD identification model advocated by 
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proponents of the XBA and C/DM approaches. This design would allow for each 

participant to be classified using psychometric methods and the expertise of school 

professionals. The classification decisions of this model could then be evaluated for 

reliability, external validity, and effect on treatment outcomes.  

Future large-scale evaluations of the PSW should be designed prior to 

intervention and assessment. A specifically planned study could utilize a battery of 

nationally normed, standardized assessments of cognitive processing that does not exhibit 

the limitations of the present study. Such a study may simulate even better the methods 

that would be utilized by school practitioners. Additionally, such a study could 

investigate the cognitive profiles of resultant groups on a set of cognitive measures not 

utilized in group formation. In this way, groups could be evaluated to determine if they 

exhibit qualitatively different cognitive profiles.  

Most importantly, future investigations should investigate the relation of PSW 

classification with intervention outcomes. Although proponents argue that an assessment 

of cognitive processing skill can improve intervention outcomes, there is little evidence 

for this assertion, particularly with respect to the PSW model. Given the significant 

allocation of resources that would be necessary to validate and implement the PSW 

model, such evidence is of critical importance.  

SUMMARY 

In recent years, dissatisfaction with both the IQ-achievement discrepancy and 

response to intervention approaches for LD identification has led some to call for a third 

model for LD identification, situated within a cognitive framework. This hybrid model 

utilizes response to intervention procedures for prevention of academic difficulties, but 

requires a comprehensive psycho-educational assessment following a determination of 
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inadequate response to intervention for the purposes of LD classification. The goal of this 

comprehensive assessment is to identify a pattern of cognitive processing strengths and 

weaknesses as a necessary condition for the diagnosis of LD. Proponents of the hybrid 

model have proposed several approaches to operationalize this PSW model for LD 

identification.  

In the present study, I investigated two proposed approaches for implementing a 

PSW model for LD identification: the C/DM approach and XBA approach. Participants 

were sixth and seventh grade students that demonstrated inadequate response to a Tier 2 

reading intervention. Each participant completed a comprehensive psycho-educational 

assessment following a determination of inadequate response to intervention. I utilized 

this assessment data to empirically classify each participant as meeting or not meeting 

LD criteria according to the two PSW approaches with three distinct deficit cut points. 

These empirical classifications were used to investigate: (a) the base identification rate of 

each approach at different deficit cut points, (b) agreement between and among iterations 

of the two approaches on LD classification, and (c) the academic performance and 

sociodemographic characteristics of participants that met and did not meet LD 

identification criteria.  

Results indicated that the number of participants that met LD criteria varied 

widely, dependent upon which deficit cut point was utilized. A larger percentage of 

participants met criteria for both approaches at higher cut points, highlighting the 

fundamental importance of cut points in classification decisions.  Additionally, a higher 

percentage of participants met C/DM criteria compared than XBA criteria when similar 

cut points were utilized. Agreement between the two approaches was generally low. 

Kappa ranged from -.04 - .56 when comparing classification decisions across different 

iterations of the two approaches. Comparisons of groups that met and did not meet C/DM 
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and XBA criteria on external measures of academic performance and sociodemographic 

variables were largely null. Students that did not meet XBA LD criteria at a cut point less 

than 85 demonstrated a small, statistically significant advantage on one reading related 

measure: WJ-III Spelling.  

The results of this study highlight several potential challenges to the widespread 

implementation of a PSW model. Both approaches identify a low percentage of students, 

raising questions about the efficiency of the model. The poor agreement between the 

models is an inevitable result of measurement error and the different manner in which the 

approaches implement the PSW model. Such variability in classification decisions 

suggests that the models may not be interchangeable and should be independently 

validated. Further, the failure to find large qualitative differences in academic 

performance between groups that met and did not meet criteria for either approach raises 

questions about the utility of the identification model. In the absence of compelling 

evidence that the identification process improves subsequent treatment outcomes, 

resources may be better allocated towards directly assessing important academic skills 

and addressing deficits through intervention.  
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Glossary 

Cognitive Processing: The sequences of mental actions or operations that 

transform and manipulate information between the time it enters as a stimulus and the 

time a response to it selected and executed. Some information processing skills or 

capacities are clearly acquired through learning and experience, while others may 

represent basic features of the biological “hardware” that would qualify as intrinsic or 

constitutionally-based features of an individual child’s cognitive capacities (Torgesen, 

2002, p. 570). 

 

Framework for LD: A broad conceptual understanding of the etiology and 

characteristics of LD. Three frameworks for understanding LD are discussed in the 

present paper: (a) neurological, (b) cognitive, and (c) instructional.  

 

Model for LD Identification: A description of the inclusionary and exclusionary 

characteristics through which LD may be identified. Models for LD identification are 

derived from specific frameworks for understanding the etiology and definition LD. In 

the present study, three models for LD identification are discussed in detail: (a) IQ-

achievement discrepancy, (b) response to intervention, and (c) a pattern of cognitive 

processing strengths and weaknesses.  

 

PSW Approach: A set of procedures, formulae, and criteria through which the 

PSW model may be implemented. In the present study, two PSW approaches are studied: 

(a) the concordance/ discordance model (C/DM; Hale & Fiorello 2004)) and (b) the Cross 

Battery Assessment approach (Flanagan et al., 2007).  
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PSW Iteration: A specific implementation of a PSW approach. In the present 

study, three iterations of each PSW approach are investigated.  

PSW Model: A model for LD identification that considers a pattern of cognitive 

processing strengths and weaknesses for the purposes of LD identification. It ensures that 

children identified with LD demonstrate one or more processing deficits that interfere 

with academic achievement (Hale et al., 2010) 
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