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ABSTRACT 

ALICIA M. JONES 

COMPARING THE PREDICTIVE POWER OF TWO PATTERNS OF PROCESSING 

STRENGTHS AND WEAKNESSES MODELS FOR THE IDENTIFICATION OF 

SPECIFIC LEARNING DISABILITIES  

 

AUGUST 2018 

 The reauthorization of the Individuals with Disabilities Education Improvement 

Act of 2004 presented regulations for identifying students with specific learning 

disability (SLD), one of the 13 eligibility categories for special education. Although these 

federal regulations prohibited the sole use of the aptitude-achievement discrepancy model 

across states, they allowed practitioners to use response-to-intervention models and 

research-based, alternative third-methods for identifying specific learning disabilities. 

There has been controversy and debate surrounding which methods are the most 

appropriate and accurate in part due to the ambiguity regarding alternative third-methods. 

One alternative method current in the research is the pattern of processing strengths and 

weaknesses (PSW) model for identifying SLD. However, there has been limited research 

conducted regarding which of these PSW models is the most psychometrically sound and 

valid. The purpose of this current study was to determine and compare the accuracy of 

two PSW models by using clinical case data for individuals diagnosed with and without 

SLD. Clinical data from an extant dataset of comprehensive evaluations for children and 

adolescents ages 8 to 17 were used in Flanagan et al.’s Dual-Discrepancy/Consistency 

(i.e., DD/C) model for SLD identification (Flanagan, Alfonso, & Ortiz, 2013a)
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and Hale et al.’s Concordance-Discordance Model of SLD (i.e., C-DM; Hale & Fiorello, 

2004; Hale, Wycoff, & Fiorello, 2011). The resulting identification labels for each 

relevant case from both PSW models were statistically compared using cross-tabulation 

analysis, chi-square test for independence, and logistic regression. Results indicated that 

both PSW models were more accurate at identifying cases without a SLD profile, and the 

DD/C model operationalized by the Cross-Battery Assessment Software System had 

greater discriminate accuracy for predicting clinical cases with a SLD. The findings from 

this current study were meaningful for the fields of school psychology and special 

education in terms of the value and utility of PSW models.  
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CHAPTER I  

INTRODUCTION 

 Learning disabilities are not a new phenomenon. However, federal legislation has 

only been enacted since the 20th century to ensure that individuals with learning 

difficulties and exceptionalities have their needs met and supported within schools. 

Specific learning disability (SLD) is the legal term at present to describe individuals who 

exhibit unexpected underachievement in a specific academic domain in spite of their 

overall average to above average cognitive abilities. Although there is debate and 

disagreement regarding the most accurate and effective way to classify and identify SLD, 

it is undeniable that the cognitive and behavioral manifestations resulting from the 

disorder significantly impact a student’s academic achievement.    

 Historically, SLD has been diagnosed using aptitude-achievement discrepancy 

(also referred to as ability-achievement discrepancy/IQ-achievement discrepancy) and 

response-to-intervention models (RTI); however, both of these methods have resulted in 

flawed methodology, inconsistent implementation, misdiagnosis, and under- and over-

identification of SLD (Fletcher, Barth, & Stuebing, 2011; Hale et al., 2010; Maki, Floyd, 

& Roberson, 2015; Sotelo-Dynega, Flanagan, & Alfonso, 2011). Since the 

reauthorization of the Individuals with Disabilities Education Improvement Act of 2004 

(IDEA), state education agencies can no longer require the use of aptitude-achievement 

discrepancy models, but they can allow RTI to be used for SLD identification in addition 
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to alternative third-method, research-based approaches (U.S. Department of Education, 

2004). However, the controversial third-method approach has added to the ambiguity of 

what constitutes a valid and reliable means for identifying SLD (Flanagan, Fiorello, & 

Ortiz, 2010). What has remained clear and consistent within the legal mandates for 

identifying disabilities that meet special education eligibility criteria for one of the 

thirteen categories under the IDEA (2004) is the “need for a comprehensive 

evaluation…[which] cannot rely on any single procedure as the sole criterion” (Fed. 

Reg., 2006, p. 46648). Such evaluations are necessary components for identifying SLD.  

 Third-method approaches for identifying SLD include psychometric methods 

such as patterns of processing strengths and weaknesses (PSW) models, which are 

grounded in part or fully in the well-established Cattell-Horn-Carroll (CHC) theory of 

broad and narrow cognitive processes and their empirical and significant relationships 

with academic abilities (Flanagan et al., 2010). The primary premise of these PSW 

models entails identification of cognitive and academic deficits in conjunction with 

overall average or above average cognitive ability or strengths (Flanagan et al., 2010). In 

order to support a SLD diagnosis, student performance and reported data must 

demonstrate meaningful relationships among cognitive strengths, cognitive weaknesses, 

and academic deficits under these PSW models (Flanagan et al., 2010).  

 In a recent study by Miller, Maricle, and Jones (2016), three models with 

emphasis on all or part of the PSW relationships of interest were assessed by comparing 

their methodology and accuracy of identifying SLD using fictional case sample data.  

There were 11 sample cases included in the study; these fictional cases included 
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examples of students with cognitive and academic deficits akin to those with varying 

forms of SLD recognized under the IDEA (2004) as well as examples of students with 

cognitive and academic performance not reflective of SLD that were used as controls in 

the study (i.e., intellectually disabled, academically gifted, and low-achievement). The 

sample cases were initially presented to trained practitioners in the field in order for them 

to determine the most accurate diagnostic category for the case using only the data 

provided (i.e., participants responded “Yes” or “No” that each case represents a SLD; 

Miller et al., 2016). These trained practitioners represented a group of professionals in the 

KIDS, Inc. Post-Graduate School Neuropsychology Training Program who completed 

graduate-level training in school psychology and sought additional training and 

credentialing for school neuropsychology. 

 In the second phase of the study, the data from these individual sample cases were 

used in three separate methods emphasizing a PSW approach (Miller et al., 2016): the 

Cross-Battery Assessment Software System (i.e., X-BASS; Ortiz, Flanagan, & Alfonso, 

2015), which operationalizes Flanagan et al.’s Dual-Discrepancy/Consistency model for 

SLD identification (i.e., DD/C; Flanagan et al., 2013a); the Concordance-Discordance 

Model of SLD (i.e., C-DM; Hale & Fiorello, 2004; Hale et al., 2011); and the 

Psychological Processing Analyzer (i.e., PPA v3.0; Dehn, 2015). Each method provided 

either a determination of SLD and/or identified significant relationships among cognitive 

and academic strengths and weaknesses based on the individual case sample data entered. 

When convergent and divergent validity were analyzed, it was found that the X-BASS 

software, which operationalizes the DD/C model, was the most accurate method for 
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identifying SLD in this particular study when compared to the diagnostic categorization 

(i.e., SLD or non-SLD) provided by the trained professional practitioners for each sample 

case (Miller et al., 2016).  

 However, there were limitations in the above study that are worth noting and may 

require further examination in future research. There was a small sample size of cases (n 

= 11) and trained professional participants (n = 18) in the study, which may have 

decreased the external validity of the findings (Miller et al., 2016). Therefore, it may be 

more beneficial to use clinical case data of students who have received comprehensive 

neuropsychological evaluations and appropriate diagnoses to increase the sample size and 

determine if similar findings would emerge in a new study. In addition, Dehn’s PPA 

(2015) did not examine all three components and relationships relevant in most PSW 

models (see Chapters 2 and 3), so it may be more appropriate to compare two of the 

aforementioned PSW models (i.e., C-DM and DD/C) to determine the validity and 

effectiveness of each approach in identifying SLD.  Using clinical case data with 

confirmed SLD and non-SLD diagnoses, and determining the accuracy of two PSW 

models for effectively distinguishing among disabilities may add to the literature; this 

may also provide additional support for alternative, evidenced-based third-methods. The 

current study inevitably will guide practice no matter what answers are gained from the 

new research questions posed.  

Rationale and Significance of the Current Study  

 According to the U.S. Department of Education (2016), data collected from the 

2014-2015 academic year estimated that 6.6 million children and adolescents ages 3-21 



5 
 

years old received special education and related services. This nearly equates to 13% of 

all students in public education who met eligibility criteria in at least one of the 13 

categories for disabilities recognized under the IDEA (2004; U.S. Department of 

Education, 2016). The 13 eligibility categories for special education include: specific 

learning disability, speech/language impairment, other health impairment, autism, 

intellectual disability, developmental delay, emotional disturbance, multiple disabilities, 

hearing impairment, orthopedic impairment, visual impairment, deaf-blindness, and 

traumatic brain injury (U.S. Department of Education, 2004). The IDEA (2004) mandates 

that all children must be provided a free and appropriate education and that individual 

students with disabilities that adversely impact their educational opportunity must be 

identified and provided services.  

 Furthermore, students classified with SLD represent the largest special education 

category in public education here in the United States. Cortiella and Horowitz (2014) 

reported that approximately 2.4 million out of 5.7 million school-age children (42%) are 

identified with some form of SLD. The most recent compliance data available from the 

2014-2015 academic year reported that 35% of all school-age children who received 

special education services were classified as SLD (U.S. Department of Education, 2016). 

Despite variation in the amount of students identified with SLD, there is agreement that 

SLD represents the largest special education eligibility category above those served under 

Speech/Language Impairment (i.e., SLI/SI) and Other Health Impairment (i.e., OHI), 

which account for 20% and 13% of students with disabilities, respectively (U.S. 

Department of Education, 2016). Undoubtedly, practitioners in the field of school 
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psychology identify and provide service delivery for students with SLD, particularly 

within the school setting since these students represent over a third of the special 

education population.  

 As such, professionals in school psychology need adequate and accurate tools to 

identify SLD in order to better inform intervention provided to students. Given the 

flexibility and ambiguity inherent in federal mandates regarding which identification 

methods can be used for this population of students with suspected learning difficulties 

(see Chapter 2), debate continues in the literature regarding the numerous advantages and 

shortcomings of the aptitude-achievement discrepancy and RTI models.  Although PSW 

models have become an alternative third-method for identifying SLD under the IDEA 

(2004) as alluded to above, there is limited research in terms of the validity and 

effectiveness of such PSW models in the field of school psychology (Flanagan et al., 

2010).  

 More specifically, Flanagan et al. (2013a) and Hale et al. (2004; 2011) have 

proposed promising PSW models that align with the federal definition of SLD as a 

disorder of psychological processes that manifests as academic deficits in the classroom 

setting. The DD/C model operationalized by the X-BASS software and the C-DM were 

selected as the two PSW third-methods for the current study in part due to the 

preliminary findings from the study conducted by Miller and colleagues (2016) and 

because these two models include all three relationship components characteristic of a 

PSW approach. Additionally, both the DD/C model and the C-DM are grounded in cross-

battery assessment, which allows practitioners to customize assessment batteries during 
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student evaluations to provide a more holistic picture of individual cognitive, 

neuropsychological, and academic strengths and weaknesses (Flanagan et al., 2013a; 

Hale et al., 2011).  

 However, differences exist between the DD/C model and the C-DM, which could 

account for the limited agreement found for the confirmed SLD cases in the previous 

study (Miller et al., 2016). Each PSW model differs in how the empirical and statistically 

significant relationships are derived among cognitive strengths, cognitive weaknesses, 

and academic weaknesses; the PSW models also define weaknesses and deficits 

differently, which affects how these are operationalized and identified. Given the 

theoretical, technical, and psychometric differences between the DD/C model and the C-

DM (see Chapters 2 and 3), the current study was designed to determine if using a PSW 

approach was effective in accurately identifying SLD and discern which PSW model was 

more predictive.   

 Similar to the previous study conducted by Miller and colleagues (2016), the 

current study consisted of two phases. The initial phase entailed selecting clinical cases 

with confirmed SLD diagnoses and those with diagnoses clearly distinguishable from 

SLD (e.g., attention deficit/hyperactivity disorder [ADHD] and autism spectrum disorder 

[ASD]). Data from these particular cases were used in the X-BASS software for the 

DD/C model and for the specified calculations in the C-DM to determine if each PSW 

model accurately classified each case (i.e., identified SLD for a case with an actual SLD 

diagnosis; identified non-SLD for a case without an actual SLD diagnosis). Once the 

PSW model identifications for cases were obtained, the second phase of the study 
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entailed running a cross-tabulation analysis, chi-square test for independence, and logistic 

regression to compare the number of cases correctly classified or predicted to be 

members of the SLD and non-SLD groups (see Chapters 3 and 4).  

 Both phases of the study were intended to provide support as to whether or not the 

DD/C model and the C-DM accurately identify SLD by statistically differentiating 

between the two groups of cases, which allowed for comparison between the percentage 

of SLD and non-SLD cases correctly identified and classified. This current study 

contributed to the literature and perhaps provided practitioners empirical support for 

utilizing PSW models to accurately identify SLD for students. The following section 

delineates the specific research questions and hypotheses addressed in the current study.  

Research Questions and Hypotheses 

1.) Do the PSW models support the diagnostic classification of the sample clinical 

cases determined by practitioners during assessment? Does each method indicate 

the presence or absence of SLD for each case? 

a. What percentage of SLD cases are accurately identified by the X-BASS 

software as having a SLD?  

b. What percentage of non-SLD cases are accurately identified by the X-

BASS software as not having a SLD?  

c. What percentage of SLD cases are accurately identified by the C-DM as 

having a SLD?  

d. What percentage of non-SLD cases are accurately identified by the C-DM 

as not having a SLD?  
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2.) Which PSW model most effectively discriminates between SLD and non-SLD 

groups?  

a. Does the X-BASS software identify the same cases as SLD or non-SLD 

when compared to the initial diagnoses?  

b. Does the C-DM identify the same cases as SLD or non-SLD when 

compared to the initial diagnoses?  

c. Which PSW model (X-BASS or C-DM) accurately predicts a higher 

proportion of cases for SLD and non-SLD group membership? 

 It was hypothesized that the DD/C model operationalized by the X-BASS 

(Flanagan et al., 2013a) would accurately identify more cases as SLD and non-SLD 

compared to the percentage of cases identified by the C-DM based on the sensitivity and 

specificity of the cross-tabulation analysis and comparison of the resulting identification 

labels to the initial diagnostic impressions of the practitioners. Furthermore, it was 

hypothesized that the DD/C model would accurately predict a higher proportion of SLD 

and non-SLD cases compared to that of the C-DM. The previous study conducted by 

Miller et al. (2016) found that case data used in the X-BASS software resulted in a 100% 

agreement rate with the diagnoses provided by the practitioners. In contrast, data used in 

the calculations for the C-DM resulted in a 45% agreement rate (Miller et al., 2016), 

suggesting that this particular PSW model may be more conservative or perhaps under-

identify a true SLD. It was not anticipated that the DD/C model would accurately identify 

100% of cases due to the use of true clinical case data. 
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CHAPTER II 

LITERATURE REVIEW  

 With the advent of federal legislation mandating that all children with exceptional 

learning needs be provided a free and appropriate education, various means of 

assessment, identification, and intervention have been proposed and implemented. 

Historically, those with domain-specific academic deficits have been diagnosed with 

what are now categorized as SLD by identifying discrepancies between their intelligence 

and achievement, by a lack of response to intervention, and more recently, by 

determining a pattern of individual strengths and weaknesses. PSW models have been 

proposed as alternative third-method approaches for identifying SLD.  

Overview of Specific Learning Disability 

 The Education for All Handicapped Children Act of 1975 (P.L. 94-142) was the 

original federal legislation that mandated education systems to identify all students with 

exceptional learning needs and provide a free and appropriate public education (FAPE) 

for every child  (United States Office of Education, 1977). The most recent 

reauthorization of the IDEA of 2004 (P.L. 108-446) has maintained the original intent of 

P.L. 94-142 to serve students with special needs, including those with SLD (U.S. 

Department of Education, 2004). However, students must meet criteria to be eligible for 

services, including identification of a disability and demonstration of an educational 

need.
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 Approximately 4% to 6% of all school-age children are classified as having a 

SLD (Mather & Wendling, 2011; Sotelo-Dynega et al., 2011). Among those who receive 

services due to educational disabilities, children classified as SLD represent 35% of the 

special education population, which accounts for approximately 2.8 million students 

(U.S. Department of Education, 2016). The SLD classification is just one of thirteen 

disability categories under the IDEA (2004), but individuals with this classification 

represent a significant portion of all disabilities that impact students within the education 

system (Sotelo-Dynega et al., 2011).  

Historical Context 

  The origins of the term learning disability (LD) date back to the mid to late 19th 

century and often referred to individuals who seemed to exhibit significant 

underachievement and learning difficulties despite having average to above average 

general intelligence (Kirk, 1962; Sotelo-Dynega et al., 2011). The term was also 

originally applied to those individuals who had experienced specific difficulties caused 

by dysfunction within the central nervous system or who had perhaps suffered a 

traumatic brain injury or stroke and consequently lost the ability to perform basic 

academic skills (i.e., acquired learning disability; Hallahan, Pullen, & Ward, 2013). 

Although there is an underlying neurobiological basis for a learning disability, the term 

has been defined more from an educational perspective with less emphasis on the 

underlying cognitive processing deficits (Hallahan et al., 2013).  
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 The LD term was not formally recognized until 1962 when Samuel Kirk coined 

the term as a result of his research and writings differentiating LD from other disabilities 

(Hallahan et al., 2013). Kirk (1962) conceptualized LD as a disorder or developmental 

delay in at least one academic area (e.g., speech, reading, writing, arithmetic) due to 

deficits in psychological processes. He also was the first to define exclusionary criteria in 

that LD did not result from intellectual disability, sensory deficits, cultural/environmental 

factors, or a lack of instruction (Kirk, 1962). Kirk’s terminology and definition of LD 

influenced other organizational conceptualizations as well as federal legislation, 

particularly special education law (U.S. Department of Education, 2004). Most 

definitions of LD describe it as a neurologically-based disorder in cognitive and 

psychological processes that results in academic learning difficulties (Hallahan et al., 

2013; Sotelo-Dynega et al., 2011). LD was also defined as potentially co-occurring with 

other disabilities and disorders (e.g., ADHD; Sotelo-Dynega et al., 2011). 

 The IDEA (2004) refers to a SLD in terms of an individual’s academic 

weaknesses from a specific domain or subject area. The following is a portion of the 

IDEA’s definition of SLD (2004):  

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

 basic psychological processes involved in understanding or in using language, 

 spoken or written, which may manifest itself in the imperfect ability to listen, 

 think, speak, read, spell, or do mathematical calculations…Such a term does not 

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

 disabilities; of mental retardation; of emotional disturbance; or of environmental, 
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 cultural, or economic disadvantage. (P.L. 108-446, § 602.30, 118 Stat. 2658; 

 Sotelo-Dynega et al., 2011, p. 5) 

As such, individuals who exhibit academic difficulties due to sensory impairment, mild 

intellectual disability, emotional-behavioral disturbance, cultural or linguistic differences, 

and/or inadequate educational opportunity and instruction are excluded from the intended 

definition of SLD (Flanagan, Fiorello, & Ortiz, 2013b). The IDEA (2004) recognizes 

SLD based on the aforementioned definition in eight distinct areas: oral expression, 

listening comprehension, written expression, basic reading skills, reading fluency, 

reading comprehension, mathematics calculation, and mathematics problem-solving. In 

order to qualify for one or more of these eight areas, children must exhibit an educational 

need and the characteristics associated with SLD (U.S. Department of Education, 2004).  

Specific Learning Disability in Reading  

 Students with SLD in reading comprise the largest portion of the students with 

learning disabilities and represent the most common referral concern among school-age 

children (Feifer, 2011; Fiorello, Hale, & Snyder, 2006). Since the majority of students 

with SLD have some form of a reading disorder, most educational research has been 

devoted to understanding the manifestations of developmental dyslexia (Feifer, 2011). As 

described in more detail below, a SLD in reading has been primarily identified using 

aptitude-achievement discrepancy models in which the student’s overall intellectual 

functioning (i.e., IQ typically at average or above average levels) is inconsistent with 

his/her unexpected reading underachievement (Feifer, 2011). However, the traditional 

discrepancy models do not identify the specific neurocognitive skills (e.g., processing 
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speed, working memory, attention) that may be attributed to a student’s reading 

difficulties, which is one of the many disadvantages of using discrepancy models for 

identification and diagnosis (Fiefer, 2011). The unexpected reading difficulties along 

with average overall cognitive functioning are the hallmarks of SLD in reading.  

 Reading disabilities are typically characterized by a multitude of difficulties 

ranging from problems in phonemic awareness to difficulties with more complex skills 

such as comprehension (Fiorello et al., 2006). One of the common cognitive deficits of 

reading disorders is the individual’s difficulty with phonological processing, which has 

some neurobiological underpinnings, particularly in the temporal-parietal regions of the 

brain (Feifer, 2011). However, the neuropsychological literature also suggests that there 

are different subtypes of reading disabilities that have varying underlying neurobiological 

deficits that account for the differences (Feifer, 2011). These different subtypes result 

from specific patterns of cognitive strengths and weaknesses that impact reading 

achievement (Fiorello et al., 2006). According to Feifer (2008), there are four subtypes of 

reading disorders that have distinct brain regions due to genetic predispositions and 

neurobiological dysfunction: dysphonetic dyslexia, surface dyslexia, mixed dyslexia, and 

comprehension deficits. 

 Dysphonetic dyslexia entails an individual’s inability to use phonological 

processing and phonemic awareness for reading decoding; the individual instead uses the 

visual and orthographic aspects of the word to determine what it is (Feifer, 2008; Fiorello 

et al., 2006). In contrast, surface dyslexia is characterized by the individual’s difficulty in 

identifying words in print by using the visual and orthographic components; however, 
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he/she can decode the word when given phonological information (Feifer, 2008). Most 

reading disorders are characterized by poor fluency and comprehension, and individuals 

with surface dyslexia often read very slowly and painstakingly (Feifer, 2008). Mixed 

dyslexia is the most severe subtype because individuals often have a range of difficulties 

that include weaker phonological processing, decreased automaticity and word 

recognition, atypical reading errors, and poor comprehension (Feifer, 2008). However, 

individuals with difficulties only in reading comprehension are separate from those with 

mixed dyslexia in that their decoding skills are intact, but they struggle with 

understanding context (Feifer, 2008). 

 It is worth noting that individuals with comprehension difficulties along with 

other reading disorders often have deficits in executive functioning skills, which includes 

visual and verbal working memory, and language skills, including vocabulary acquisition 

(Feifer, 2008; Fiorello et al., 2006). In addition to executive functioning and verbal 

measures, practitioners might assess students’ attention and reading fluency in an effort 

to determine if there are deficits in automatically identifying words phonologically or 

orthographically (Feifer, 2011).  That is, the attention executive network is involved in 

the process of determining the visual cues of a word and translating those into the 

semantic units of the word; the less effort and cognitive resources the attention executive 

network needs to use to distinguish words, the more quickly an individual can read 

(Feifer, 2011). Overall, there are a range of cognitive processes implicated in SLD in 

reading.  
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Specific Learning Disability in Mathematics 

 Mathematics is a complex and difficult content area for many students even 

beyond those with a suspected or confirmed SLD in math. Approximately 6-7% of 

school-age children experience math difficulties characteristic of a SLD, which does not 

include those who display general low achievement in math (i.e., an additional 5-10% of 

children; Geary, 2004; Geary, Hoard, & Bailey, 2011). However, students with SLD in 

math typically are distinguished from those who have lower achievement in math based 

on their overall cognitive ability; students with SLD in math often have low-average IQ 

scores (e.g., a standard score of 85-89) whereas those who are low-achieving typically 

have average IQ scores (Geary et al., 2011).  

 As with many neurodevelopmental disorders and other disabilities, SLD in math 

has genetic and biological bases as well as environmental influences; however, the 

majority of individual differences in math performance are due to genetics (Geary et al., 

2011). Furthermore, the genetic influences on math achievement for those with a 

confirmed SLD partially overlap with those for overall cognitive ability and reading 

achievement, which leaves only about a third of genes specifically for math (Geary et al., 

2011). Such overlap of these genetic influences may account for the comorbidity of SLD 

in reading and math as well as other learning difficulties beyond math achievement (e.g., 

ADHD; Geary et al., 2011). Genetic and environmental influences have been found to 

adversely impact the development of one’s number sense, semantic memory (e.g., 

retrieval of basic math facts from long-term memory), and procedural performance (i.e., 

errors made during basic arithmetic or problem-solving; Berch, 2005; Geary et al., 2011). 
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In addition, students with SLD in math often exhibit specific patterns of behavior and 

deficits that characterize certain subtypes of the disorder including semantic, 

procedural/operational, verbal/lexical, and visual-spatial components (Maricle, Psimas-

Fraser, Muenke, & Miller, 2010; Raja & Kumar, 2012). Dysfunction in specific brain 

regions associated with SLD in math can be linked to these different subtypes.  

 According to Berch (2005), number sense is an individual’s ability to use a mental 

number line to process quantitative information, which is fundamental to math 

achievement. It is a skill that is innate, but it can also be strengthened from the 

environment (e.g., classroom instruction; Berch, 2005). Number sense has also been 

described as the ability to approximate or evaluate quantities without necessarily having 

to count them, which Geary et al. (2011) propose is essential for establishing a solid 

foundation in children’s math achievement. When students have impairment within this 

mental number line and are unable to estimate and compare numerical quantities, their 

math achievement suffers; this in turn is also indicative of a SLD in math (Cowan & 

Powell, 2014). Thus, measures of quantitative reasoning that measure the individual’s 

number sense are imperative when assessing and identifying SLD in math.   

 Students with SLD in math may also display impaired executive functioning, 

particularly in the cognitive domain of working memory (Desoete & De Weerdt, 2013; 

Mazzocco, Feigenson, & Halberda, 2011; St Claire-Thompson, 2011). Working memory 

is necessary for math achievement because the process entails mentally holding 

information in mind while manipulating it in a new manner using other processes (Geary 

et al., 2011). Working memory may be implicated in the specific subtypes noted above 
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since it is comprised of four sub-components: the central executive, the phonological 

loop, the visual-spatial sketchpad, and the episodic buffer; these components are 

responsible for distributing attentional resources, processing verbal/auditory and visual 

information, and accessing prior knowledge (e.g., algorithms, concepts) from semantic 

and procedural memory, respectively (Baddeley & Hitch, 1994; Baddeley, 2003; 

Swanson & Kim, 2007). Children with suspected SLD in math often display severe 

impairment in working memory, particularly in the central executive, which is 

responsible for inhibiting irrelevant information from interfering with the mental task 

(Geary et al., 2011).  

 In addition to working memory deficits, students with SLD in math also exhibit 

impaired processing speed and overall intelligence (Geary et al., 2011). Compared to 

same-age, typically-developing peers, students with SLD in math often process 

information much slower, which may disrupt working memory and math performance 

(Geary et al., 2011). In conjunction with lower math achievement scores on standardized 

testing, students with SLD in math may also have low-average cognitive functioning, 

which may also contribute to their impaired working memory and processing speed 

(Geary et al., 2011). As such, achievement and IQ testing are generally required when 

evaluating a student for a SLD in math similar to that of other learning disabilities.  

Specific Learning Disability in Writing 

 Writing disabilities often manifest when there is a breakdown of one or more 

necessary skills in expressive language, conversion of thoughts into words, and/or fine-

motor ability (Mather & Wendling, 2011). Similar to students with SLD in reading and 
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math, those with SLD in written expression demonstrate unexpected underachievement in 

writing tasks compared to their age, grade, overall cognitive functioning, and educational 

opportunity (Mather & Wendling, 2011). Although students may also have difficulty with 

spelling and handwriting, which do contribute to writing, these skill deficits alone do not 

meet the criteria for SLD in written expression under the IDEA (U.S. Department of 

Education, 2004).   

 SLD in written expression has been linked to varying environmental, genetic, 

neuropsychological, and medical factors; that is, there are several reasons why the 

disability manifests and how those factors impact the severity of the disorder (Mather & 

Wendling, 2011). However, the exact prevalence rates of SLD in written expression seem 

to be understudied or under-identified compared to those for reading and math. SLD in 

written expression appears to be as common as SLD in reading, with boys having a 

higher prevalence rate than girls (Mather & Wendling, 2011). Similarly, SLD in written 

expression is often comorbid with other disorders such as SLD in reading, SLD in math, 

ADHD, and/or behavioral difficulties (Mather & Wendling, 2011). However, it is worth 

noting that writing disabilities may be underdiagnosed due to higher comorbidity rates 

and lower priority within educational research compared to reading and math (Mather & 

Wendling, 2011).  

 Similar to SLD in reading and math, there are several subtypes that comprise SLD 

in writing. Although three subtypes of writing have been found: dysgraphia, dyslexia, 

and oral language impairment, it is typical to group writing difficulties into two distinct 

levels (Mather & Wendling, 2011). Students with SLD in written expression may have 
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difficulties at the first level (i.e., dysgraphia or dyslexia) in which they exhibit deficits in 

basic writing skills (e.g., spelling, handwriting); they may also have difficulties separate 

from or in addition to those at the first level (i.e., oral language impairment) in which 

they have difficulty generating ideas and thoughts to include in text (Mather & Wendling, 

2011). 

 Students with dysgraphia have deficits in their graphomotor skills, which means 

they have a difficult time manually producing orthographical forms (e.g., letters, 

numbers, words; Mather & Wendling, 2011). More specifically, these deficits can range 

from illegible handwriting, poor motor control and coordination, atypical pencil grip, 

inaccurate or atypical production of letters and spacing, and/or a lack of automaticity 

during a writing task (Mather & Wendling, 2011). In contrast, students with dyslexia 

have difficulties with reading and spelling since both skills require the decoding or 

encoding of grapheme-phoneme relationships (i.e., letter-sound correspondence; Mather 

& Wendling, 2011). It is also not uncommon for individuals with dysgraphia and 

dyslexia to have average cognitive functioning and intact oral language skills despite 

their reading and writing difficulties (Mather & Wendling, 2011). 

 However, when students do have inadequate oral language skills (i.e., oral 

language impairment), it can impact their written expression due to poor executive 

functioning skills (e.g., working memory, attention, planning, organization, self-

monitoring) and/or inadequate knowledge and recall of syntax, semantics, vocabulary, or 

orthography (i.e., comprehension knowledge/crystallized intelligence; Mather & 

Wendling, 2011). Working memory, handwriting automaticity, and orthography have 
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been implicated as significant cognitive processes necessary for writing fluency and 

quality (Berninger, 2009). Furthermore, Floyd, McGrew, and Evans (2008) proposed that 

auditory processing, long-term storage and retrieval, processing speed, comprehension-

knowledge, short-term memory, and fluid reasoning are important cognitive functions for 

written expression. Moreover, the narrow cognitive abilities of phonetic coding, 

associative memory, and perceptual speed are necessary for spelling in that they support 

segmentation of sounds and recognition of letter-sound correspondence (Floyd et al., 

2008).  

 Moreover, individuals must have stores of knowledge pertaining to orthography 

and morphology and a mental lexicon as a part of crystallized intelligence, which also 

supports spelling and written expression (Floyd et al., 2008). Individuals must also hold 

ideas in mind long enough to translate them into words, which requires working memory 

capacity; they also must be able to explain their ideas in a logical, organized manner with 

each new writing assignment, which engages fluid reasoning (Floyd et al., 2008). 

Therefore, multiple cognitive functions influence written expression, and deficits 

attributed to any of these domains may result in a SLD in written expression.  

 Writing fluency is also typically assessed as an indicator for how quickly a 

student can produce ideas by forming letters (Mather & Wendling, 2011). Likewise, 

spelling is measured as a basic writing skill using any achievement test (Mather & 

Wendling, 2011). Since phonological and auditory processing influence written 

expression, specific skills such as segmentation should be measured as a part of a 

student’s evaluation (Mather & Wendling, 2011). Due to the dual relationship between 
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oral and written language, receptive and expressive language should also be assessed in 

addition to working memory and other executive function skills if a SLD in written 

expression is suspected (Mather & Wendling, 2011).  

Classification and Identification of Specific Learning Disability 

  Although defining SLD was a starting point for identifying individuals, 

classification systems and identification methods were developed to help diagnose the 

disability (Sotelo-Dynega et al., 2011). Historically, individuals with difficulties in 

reading, math, and writing without sensory-motor impairment, intellectual disability, 

emotional-behavioral difficulties, inadequate instruction, low socioeconomic status, and 

limited English proficiency were potentially classified with learning problems (Fletcher 

et al., 2011). At present, most state regulations for SLD (i.e., 96-98%) incorporate federal 

definitions that describe the psychological processing disorder also as neurological and/or 

language-based (Maki et al., 2015).  Although there are different methods for identifying 

and operationalizing SLD, all of the classification methods emphasize one critical 

distinction – unexpected underachievement after examining and excluding other potential 

causes (Fletcher et al., 2011).   

 Diagnostic criteria for SLD are also provided in the Diagnostic and Statistical 

Manual of Mental Disorders, Fifth Edition (DSM-V; American Psychiatric Association 

[APA], 2013) and in the International Classification of Diseases (ICD-10; World Health 

Organization, 2006). The DSM-V recognizes four subtypes of learning disability, which 

include reading disorder, mathematics disorder, written expression disorder, and learning 

disorder not otherwise specified (APA, 2013; Sotelo-Dynega et al., 2011). The ICD-10 
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recognizes various subtypes of learning disability; these include: specific reading 

disorder, specific spelling disorder, specific disorder of arithmetical skills, mixed disorder 

of scholastic skills, other developmental disorders of scholastic skills, and developmental 

disorder of scholastic skills, unspecified (Sotelo-Dynega et al., 2011; World Health 

Organization, 2006). However, most students between the ages of 3 and 21 are classified 

with SLD under the IDEA (U.S. Department of Education, 2004) specifications if they 

exhibit academic difficulties within the school setting (Sotelo-Dynega et al., 2011).  

 The reauthorization of the IDEA (2004) along with federal regulations provided 

in 2006 delineated an additional classification system to assist practitioners with SLD 

identification for special education eligibility (Sotelo-Dynega et al., 2011; U.S. 

Department of Education, 2004). It specified that state education systems and school 

districts could identify and qualify children under the SLD category for special education 

services using one of three methods: (1) aptitude-achievement discrepancy models (e.g., 

simple difference method; regression method), (2) the response-to-intervention approach 

(RTI), or (3) any alternative, empirically-supported third-method (e.g., PSW) that 

considered cognitive and academic strengths and weaknesses (U.S. Department of 

Education, 2004). Although the first two methods have historically been used for a longer 

period of time, they have their disadvantages. Compared to PSW models, the aptitude-

achievement discrepancy models and RTI approaches may be inappropriate for 

identifying those with SLD, but they are still widely used methods for SLD identification 

across the states (Zirkel & Thomas, 2010).  
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 According to Zirkel and Thomas (2010), discrepancy models remain the most 

widely used method for SLD identification for a majority of states, but local school 

districts can opt to use other approaches. Furthermore, 12 states require RTI to be used as 

the preferred method of SLD identification (e.g., Colorado, Connecticut, Louisiana, 

Rhode Island, West Virginia); however, seven of those states permit the use of 

discrepancy or alternative, research-based third-methods in conjunction with RTI (e.g., 

Florida, Illinois, Georgia, Maine, Delaware, New Mexico, and New York; Zirkel & 

Thomas, 2010). Although none of the states require alternative third-methods that are 

empirically supported, such as PSW models, 20 states allow these to be used for SLD 

identification (Zirkel & Thomas, 2010).  

 In addition, the 2006 federal regulations mandated that state education agencies 

could not require the use of aptitude-achievement discrepancy models but should allow 

response to empirically-supported interventions and other alternative third-method 

approaches as options for school districts in order to identify SLD (Sotelo-Dynega et al., 

2011). There is current debate within the field of school psychology as to which of these 

three methods is the best for identifying SLD; the debate is in large part due to the 

ambiguity and flexibility of the federal regulations of the IDEA (U.S. Department of 

Education, 2004).  These three options are each discussed in turn below. 

Aptitude-Achievement Discrepancy  

 Discrepancy between intellectual functioning and academic achievement is an 

important component of SLD identification because it can quantitatively describe a 

student who is underachieving despite average to above average intellectual ability 
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(Sotelo-Dynega et al., 2011). Although 67% of states allow the use of discrepancy 

models for SLD identification, 20% of states prohibit practitioners from using it (Maki et 

al., 2015). The aptitude-achievement discrepancy approach has been controversial for 

identifying SLD due to a number of methodological concerns including: inadequate 

differentiation between students with a true SLD and low achievers, inconsistent 

application across states and school districts, overreliance and dependence on IQ as the 

sole predictor of academic achievement, and over-identification of students of 

racial/ethnic minorities (Fiorello et al., 2006; Sotelo-Dynega et al., 2011).  

 More specifically, students with a suspected SLD in math often have low average 

IQ scores (Geary et al., 2011). Therefore, a discrepancy approach between ability and 

academic achievement for identification purposes would be inappropriate for these 

children (Geary et al., 2011). A severe discrepancy between ability and achievement has 

also been considered a wait-to-fail approach because a student typically does not start 

manifesting academic difficulties until school demands increase in third and/or fourth 

grade (Maki et al., 2015; Sotelo-Dynega et al., 2011).  

 In addition to the problems above related to the aptitude-achievement discrepancy 

model, this method does not identify which psychological process is responsible for the 

academic deficits seen in the student and may indicate a statistically – as opposed to 

clinically – significant discrepancy, which has led to the misidentification of SLD 

(Sotelo-Dynega et al., 2011). SLDs inherently are characterized by cognitive and 

behavioral manifestations that lie on a continuum, which according to Fletcher et al. 

(2011) cannot readily be measured along specific cut-off points as seen in discrepancy 
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models (e.g., 22- or 23-point differences between IQ and achievement scores). Federal 

legislation under the IDEA (2004) has not prohibited the use of the discrepancy model, 

but it has allowed the use of other methods (e.g., RTI) in SLD identification (U.S 

Department of Education, 2004).  

Response-to-Intervention 

 RTI became a more appealing option for SLD identification in part because 

discrepancy models were inconsistently applied and misidentified students (Sotelo-

Dynega et al., 2011). An estimated 16% of states mandate RTI for SLD identification 

(Maki et al., 2015). The RTI approach is a three-tiered model that identifies and 

intervenes with students who have academic and/or behavioral difficulties (Maki et al., 

2015; Sotelo-Dynega et al., 2011). The premise of RTI asserts that a child who does not 

respond to evidenced-based academic interventions most likely has a SLD (Fiorello et al., 

2006). The primary components of RTI are quality instruction and intervention, which 

address one of the important exclusionary factors for SLD identification (Fletcher et al., 

2011; U.S. Department of Education, 2004).  

 However, SLD identification was never intended to be the primary goal for RTI; 

instead, RTI focuses on prevention and remediation for students exhibiting academic 

and/or behavioral problems by screening, collecting data, progress monitoring, and 

providing effective classroom instructional strategies and empirically-supported 

interventions (Fletcher et al., 2011; Sotelo-Dynega et al., 2011). That is, RTI ensures 

students receive adequate and quality instruction from interventions that are implemented 

with fidelity and tailored for improvement in academic difficulties (Sotelo-Dynega et al., 
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2011). Thus, RTI has a role in the pre-referral process of early identification and 

prevention for students who may or may not have disabilities that require special 

education services (Sotelo-Dynega et al., 2011). 

 Frameworks and models of the RTI approach typically consist of three tiers. Tier I 

of RTI entails that all students receive adequate instruction in the general education 

classroom setting with universal screening for those who may have some academic 

deficits (Maki et al., 2015; Sotelo-Dynega et al., 2011). For those students who continue 

to struggle, they are provided research-based intervention and supports to target their 

academic difficulties (e.g., reading) in what is referred to as Tier II (Maki et al., 2015; 

Sotelo-Dynega et al., 2011). If the intervention at Tier II is provided with fidelity for a 

student and he/she still does not respond or improve academically, then additional 

intensive interventions are provided, if at all, at the third level of support called Tier III 

(Maki et al., 2015; Sotelo-Dynega et al., 2011). Progress is measured at each tier through 

curriculum-based measurements with established benchmarks or cut-off points that 

should align to national and/or state standards (Fletcher et al., 2011).  

 The IDEA (2004) allowed RTI as an option for identifying SLD under the 

presumption that students who fail to respond to varying intensive interventions and 

exhibit no academic improvements are considered the have a SLD “by default” (Sotelo-

Dynega et al., 2011, p. 13; U.S. Department of Education, 2004). This inclusion of RTI 

as an option has also been a source of controversy within school psychology because 

federal regulations mandate that students with suspected disabilities receive 

comprehensive evaluations; these evaluations should be conducted using 
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psychometrically-sound assessment tools and multiple sources of data prior to making a 

team decision regarding eligibility for special education services (Sotelo-Dynega et al., 

2011). Fletcher et al. (2011) stated that in addition to variation in appropriate and 

consistent benchmarks in RTI, controversy has ensued because of the inaccurate 

conclusion perpetuated in the field that a student must move through all three tiers prior 

to receiving a comprehensive evaluation for special education. Hale et al. (2010) 

proposed that in order to identify students with a SLD, comprehensive evaluations are 

necessary, but unresponsiveness to an intensive intervention is not required.   

 Additionally, RTI has been implemented in various frameworks and models, 

which has also enhanced the argument of its inconsistency across schools, districts, and 

states (Fletcher et al., 2011; Hale et al., 2010; Maki et al., 2015). For instance, children 

with reading difficulties may be identified based on a single factor (e.g., phonemic 

awareness) without consideration of other areas of difficulty under a RTI framework 

(Fiorello et al., 2006). There are two common forms of RTI: the problem-solving process 

model and the standardized protocol model; the former targets school-wide academic or 

behavioral problems and implements universal interventions whereas the latter includes 

increasingly intense intervention delivery and longer timeframes depending on an 

individual’s response across the three tiers (Fletcher et al., 2011; Maki et al., 2015).  

 According to Hale et al. (2010), there is also a lack of consistency in how students 

are identified as responders or non-responders. Treatment integrity and progress 

monitoring may be measured in different ways, and varied instructional strategies and 

interventions are used (Hale et al., 2010). Furthermore, there is no agreement as to what 
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constitutes an empirically-based intervention, especially across grade levels and subject 

areas (Hale et al., 2010). Therefore, in those states and school districts that follow a 

predominantly RTI approach, there is a lack of consistency in terms of which RTI model 

is the best to implement.  

 Furthermore, RTI has been labeled as a watch-them-fail approach because instead 

of intensifying the delivery of interventions, which may further delay appropriate 

services, a student with persistent academic difficulties may benefit more from being 

referred for a necessary evaluation (Hale et al., 2010). The IDEA (2004) mandates that 

students with a suspected specific learning disability be evaluated comprehensively, 

which requires assessment of cognitive and neuropsychological processes, but RTI does 

not provide that even though academic processes that are progress monitored and 

intervened with (e.g., reading decoding, math fluency) are indeed cognitive processes or 

psychological processes (Fletcher et al., 2011; U.S. Department of Education, 2004). 

Although RTI is able to identify underachievement, it alone cannot distinguish 

unexpected underachievement without formal evaluation of cognitive abilities (Maki et 

al., 2015). Thus, RTI as the sole criterion by which a student may be identified with a 

SLD may contradict the letter and spirit of the law under the IDEA (2004; Hale et al., 

2010).  

Patterns of Processing Strengths and Weaknesses Models 

 There are practitioners in the field of school psychology who propose that 

aptitude-achievement discrepancy models and RTI are not adequate stand-alone measures 

for SLD identification (Hale et al., 2010). Hale et al. (2010) argued that neither aptitude-
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achievement discrepancy models nor RTI can determine if a student identified with a 

SLD meets the federal definition under the IDEA (2004) or identify specific 

psychological processing strengths and deficits for the individual.  Furthermore, these 

practitioners maintain that in order to meet federal regulations related to SLD 

identification, a third-method approach that identifies a pattern of processing strengths 

and weaknesses consistent with academic deficits is a more valid and consistent measure 

of specific learning disability; this approach can also be used to develop appropriate, 

individualized interventions (Hale et al., 2010). In fact, there are now at least 25 states 

that endorse using PSW models for SLD identification and eligibility decisions within 

schools, but there is little guidance related to how to implement PSW models into 

practice (Maki et al., 2015). Although federal mandates provided practitioners with a 

third option for identifying SLD, the ambiguity of the IDEA (2004) regarding the 

research-based, third-method has only exacerbated the debate of the most effective and 

accurate means for diagnosis (U.S. Department of Education, 2004).    

 There are PSW models that have been established, including two of interest in this 

current study. Naglieri (2011) proposed the first formally recognized PSW model entitled 

the Discrepancy/Consistency Model (D/CM) based on an underlying theory of 

psychological processes entitled Planning, Attention, Simultaneous, and Successive 

(PASS). Naglieri’s D/CM and PASS theory are operationalized and assessed by the 

Cognitive Assessment System; this particular model adheres to similar discrepant and 

consistent relationships among cognitive and academic processes as other PSW models 

for SLD identification (Naglieri, 2011). 
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 The two PSW models that were examined in this study are the Dual-

Discrepancy/Consistency Model (DD/C; Flanagan et al., 2013a), which has been 

operationalized by the Cross-Battery Assessment Software System (X-BASS; Ortiz et al., 

2015), and the Concordance-Discordance Model (C-DM; Hale & Fiorello, 2004). These 

PSW models identify SLD by determining if an empirically-based and significant 

relationship exists between cognitive and academic deficits for an individual student with 

average to above average overall cognitive ability (Sotelo-Dynega et al., 2011; Stuebing, 

Fletcher, Branum-Martin, & Francis, 2012). Although the DD/C model and the C-DM are 

operationalized differently in how processing strengths and weaknesses are identified and 

have different underlying theoretical frameworks, both models are grounded in Cattell-

Horn-Carroll (CHC) theory and cross-battery assessment (XBA; Miciak et al., 2016). 

 Using PSW models as a third-method approach for identifying SLD requires 

practitioners to know which cognitive abilities correspond to specific areas of academic 

achievement and the underlying constructs assessed in a variety of cognitive and 

academic batteries (Miller et al., 2016). Practitioners who use PSW models must also 

know what constitutes a SLD and what does not (Miller et al., 2016). That is, once 

exclusionary factors have been considered, practitioners can presume that any significant 

cognitive and academic discrepancies identified in a particular PSW model may be 

indicative of a specific learning disability.   

 In the midst of the RTI trend under the IDEA (2004), it has been argued that 

cognitive testing within the field of school psychology should de-emphasize overall Full-

Scale Intelligence Quotients (FSIQ) scores and focus more effort on assessing specific 
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cognitive abilities and profiles to identify individual strengths and weaknesses (Newton 

& McGrew, 2010). PSW models align with this proposition and adhere to the federal 

definition of identifying SLD by directly assessing psychological processes (IDEA, 2004; 

U.S. Department of Education, 2004). Moreover, neuropsychological evidence suggests 

that cognitive abilities are linked to different academic subtypes of SLD (Stuebing et al., 

2012). 

 The PSW models of interest in the current study share similar characteristics. That 

is, multiple cognitive abilities are typically assessed in an effort to identify weaknesses 

affecting academic abilities (Stuebing et al., 2012). Although cognitive weaknesses might 

be evident, there must also be cognitive strengths that exist within a PSW model in order 

to correctly identify specific learning disabilities (Stuebing et al., 2012). The cognitive 

weaknesses identified are typically associated with academic weaknesses that account for 

the child’s learning difficulties (Stuebing et al., 2012). But, PSW models define cognitive 

strengths and weaknesses and academic deficits differently (Stuebing et al., 2012).  

 Although there is evidence to suggest that cognitive and academic deficits 

characteristic of SLD are related, there is limited research on the relationship between 

PSW models and SLD identification (Stuebing et al., 2012). The C-DM and DD/C 

models have been proposed based on evidence within the neuropsychological literature 

and examined through correlational and case studies, but they have not been directly 

researched to a great extent in terms of SLD identification (Stuebing et al., 2012). 

Additionally, Miciak and colleagues (2016) found that there was poor agreement between 

the C-DM and DD/C methods in terms of SLD identification accuracy for a group of 
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fourth grade students with reading comprehension difficulties. Considering that both 

PSW methods have been proposed with little empirical support related to the accuracy of 

SLD identification, the current study investigated how the two models compare beyond 

their shared emphasis on cross-battery assessment.   

Cross-Battery Assessment 

 Both the DD/C model and the C-DM are founded in cross-battery assessment as 

well as CHC theory and neuropsychological theory. Cross-battery assessment (XBA) 

allows practitioners in the field of school psychology to fully assess the range of 

cognitive, neuropsychological, and academic abilities an individual might possess 

(Flanagan et al., 2013b). Instead of using only co-normed tests or single batteries, 

practitioners have the opportunity to strategically develop appropriate assessments for 

students that measure all of their individual strengths and weaknesses in order to have a 

clearer understanding and better representation of their true abilities (Flanagan et al., 

2013a). More specifically, the XBA approach allows practitioners to essentially build 

their own test batteries depending on referral and presenting concerns for students; they 

can select instruments that assess varying broad and narrow abilities and constructs in 

order to answer referral questions (Flanagan et al., 2013a).  

 Considering that no single test battery assesses the full range of cognitive, 

academic, and neuropsychological constructs, particularly the seven domains proposed 

by CHC theory, the XBA approach acts as an alternative for assessment in which 

practitioners can select the most appropriate and psychometrically-sound instruments to 

measure such constructs (Flanagan et al., 2013a). Being able to evaluate such cognitive 
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and academic abilities effectively and accurately is necessary when assessing children 

with suspected learning disabilities. Akin to the DSM-V, the XBA approach facilitates a 

common language among practitioners in school psychology, particularly when 

discussing the presence of a SLD (Flanagan et al., 2013a). 

 The general process of the XBA approach entails selecting the most appropriate 

comprehensive core test battery as the foundation for the assessment (e.g., Woodcock-

Johnson tests; Flanagan et al., 2013a). To ensure the use of test norms for co-normed 

batteries, Flanagan et al. (2013a) propose using composite scores for cognitive domains. 

Although using alternative methods and formulas for deriving composite/cluster scores is 

typically unnecessary, median intercorrelations and reliabilities are used instead of 

simply averaging to obtain composites for narrow abilities (Flanagan et al., 2013a). It is 

recommended that practitioners select tests that have underlying classifications associated 

with empirically-based theories such as CHC theory in order to cross batteries; there 

should be a least two measures for each composite (Flanagan et al., 2013a). If those two 

measures are unavailable, they can be supplemented from other assessments that have 

similar norms and that were developed within the same timeframes as the core battery 

(Flanagan et al., 2013a).  

 Although XBA allows practitioners to “cross batteries,” Flanagan et al. (2013a) 

recommend using a core battery and supplementing it with an additional battery in order 

to minimize any error introduced from the use of different norm groups for each test. If 

normative weaknesses and deficits are found in the cognitive, academic, and/or 

neuropsychological domains, the data should be compared to consistent information for 
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how those deficits manifest in the child’s learning environment to validate test findings 

(e.g., observations, work samples, interviews, standardized testing; Flanagan et al., 

2013a). Thus, the XBA approach is a clinically meaningful and empirically-based 

method for assessing patterns of strengths and weaknesses that may characterize a SLD, 

and PSW models that complement the XBA approach are of interest in the current study.  

The Dual-Discrepancy/Consistency Model  

  Flanagan and colleagues (2013a) developed an operationalized definition of SLD 

that aligned with the current evaluation procedures specified by the IDEA (2004); their 

definition of SLD is also grounded in the XBA approach and CHC theory in that it 

assesses normative strengths and weaknesses using several batteries (Stuebing et al., 

2012). The DD/C model is supported by research in the field that describes the 

relationships among cognitive abilities, neuropsychological processes, and academic 

abilities – all of which are considered when identifying SLD (Flanagan et al., 2013a). 

Specifically, the DD/C model emphasizes consistent and discrepant relationships among 

cognitive strengths, cognitive weaknesses, and academic deficits (Ortiz et al., 2015). 

Under the model, children with SLD exhibit a significant relationship between cognitive 

and academic weaknesses because the cognitive ability adversely influences the academic 

ability (Flanagan et al., 2013a).  

 The DD/C model also accounts for exclusionary factors when identifying SLD 

and emphasizes an integrative process in diagnosis (Flanagan et al., 2013a). More 

specifically, there are five levels included in the DD/C model; these five levels are not 

separate factors in the assessment and decision-making process for SLD identification; 
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each level directly influences each other in order to better inform decisions at any of the 

levels (Flanagan et al., 2013a). The first level entails identifying the areas of academic 

difficulty a student has in order to diagnose a SLD (Flanagan et al., 2013a). As described 

before, these areas of academic difficulties align with the eight areas of SLD recognized 

under the IDEA (U.S. Department of Education, 2004). Typically, these academic 

deficits are identified by using standardized, norm-referenced measures of academic 

achievement; data collected from RTI and progress monitoring, quality instruction and 

classroom performance through student work samples, interviews with the teacher, 

student, and parents, and observations of the student in the classroom setting are also 

used (Flanagan et al., 2013a). According to Flanagan and colleagues (2013a), if a student 

performs poorly on these academic measures with contributing evidence from other 

sources of data, then it may indicate deficient academic achievement in one or more 

subject areas.  

 The next level of the DD/C model is also necessary in addition to specific 

academic weaknesses in order to accurately identify SLD. The second level includes 

examination of the exclusionary factors to ensure that the student’s academic weaknesses 

cannot be attributed to one or more of these areas: sensorimotor or physical health 

impairments (e.g., vision or hearing disabilities), intellectual disability, social-emotional-

behavioral disturbance (e.g., anxiety; depression), lack of educational opportunity (e.g., 

quality instruction and exposure to grade-appropriate curriculum), cultural or linguistic 

differences (e.g., Limited English Proficiency), and/or economic disadvantage (e.g., 

living in lower-income communities; Flanagan et al., 2013b). In addition to data collected 
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at level one of the DD/C model, information pertaining to exclusionary factors may be 

collected from rating scales, previous school evaluations, medical records and health 

history, and interviews with previous mental health professionals (Flanagan et al., 

2013a). If a student’s poor academic achievement is primarily the result of one or more 

of the above factors, then the student cannot and should not be identified with a SLD; 

however, the exclusionary factors may contribute to the student’s lower achievement 

(Flanagan et al., 2013a).   

 The third level of the DD/C operational definition of SLD includes deficient 

performance in one or more psychological and cognitive processes necessary for 

understanding and using spoken and written language (i.e., to enable and support one’s 

learning; Flanagan et al., 2013a). These include the seven cognitive domains proposed by 

CHC theory (e.g., Gf for fluid reasoning; Gwm for short-term/working memory) as well 

as areas of neuropsychological functioning (e.g., attention, executive functions, and 

learning and memory [e.g., associative memory; free recall]; Flanagan et al., 2013a). 

These cognitive and neuropsychological functions are assessed by similar means 

described in level one in addition to student observations of cognitive performance (e.g., 

error/task analysis; testing the limits) and review of school records, which includes the 

student’s overall academic history and performance on standardized tests (Flanagan et al., 

2013a). According to the DD/C model, if a student displays cognitive weaknesses in one 

or more of the above areas supported based on consistent data sources in addition to 

evaluation at the previous two levels, then it is likely that a SLD may be identified 

(Flanagan et al., 2013a). 
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 Sufficient data and support for SLD identification is determined after the fourth 

level of the DD/C model (Flanagan et al., 2013a). Specific learning disability is 

differentiated from general low achievement by a pattern of strengths and weaknesses in 

which the student displays average or above average overall cognitive ability and a 

specific academic and cognitive deficit profile (Flanagan et al., 2013a). That is, the 

individual’s academic and cognitive weaknesses (i.e., below average performance in both 

areas) must be consistent in terms of their empirically-supported relationship in the 

neuropsychological research (e.g., reading decoding and auditory/phonological 

processing; Flanagan et al., 2013a). Level four includes data obtained at the previous 

three levels in addition to current evaluation data and clinical judgment can be used to 

identify a SLD; the computerized software based on the DD/C model (i.e., X-BASS) can 

be used as a tool to statistically compute the discrepancies and consistencies proposed by 

Flanagan and colleagues (2013a), which is described in more detail in Chapter 3. 

 Although a student may be identified with a SLD using Flanagan et al.’s DD/C 

model (2013a), level five clarifies that in order for a student to receive special education 

services under the IDEA (2004), the SLD has to adversely impact his or her education; if 

the student is successfully performing academically with appropriate intervention and 

remediation supports, compensatory strategies, and accommodations, then he/she is not 

eligible for special education services even if a SLD has been identified. However, it is 

most likely that a student’s education is negatively impacted by a SLD in which case the 

multidisciplinary team (i.e., parents, special education teacher/(s), general education 

teacher/(s), administrators, professionals such as school psychologists who can interpret 
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assessment results) uses the data collected at all levels of the DD/C model to determine 

the most appropriate and least restrictive environment placement for the student to 

receive instruction and support (Flanagan et al., 2013a).  

 Although practitioners can use any assessments under the DD/C model 

operationalized by the X-BASS, it aligns more with the Woodcock-Johnson test batteries 

because these measure all seven CHC cognitive constructs in addition to academic 

achievement (Stuebing et al., 2012). Furthermore, as alluded to above, the X-BASS takes 

a normative approach because calculations and comparisons within the software system 

are based on average and below average scores to determine whether a SLD exists or not 

for an individual (Flanagan et al., 2013a; Stuebing et al., 2012). In terms of reliability and 

accuracy, the DD/C model operationalized by the X-BASS has been found to be a useful 

tool in identifying individuals without SLD according to Stuebing and colleagues (2012).  

The Concordance-Discordance Model 

 Similar to the DD/C model proposed by Flanagan and colleagues (2013a), the 

Concordance-Discordance Model (C-DM) of SLD identification (Hale & Fiorello, 2004; 

Hale et al., 2011) also uses measures of cognitive and academic abilities to identify 

individual strengths and weaknesses and has been found to be an accurate method for 

identifying individuals without a SLD (Stuebing et al., 2012). However, the underlying 

theoretical approach and assessment options differ for each PSW model. Hale and 

Fiorello’s (2004) cognitive hypothesis testing (CHT) approach to assessment and 

intervention is the underlying basis of the C-DM. The theoretical model of CHT was 
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intended to incorporate RTI and comprehensive evaluation of individual students with 

suspected learning disabilities (Fiorello et al., 2006).  

 The CHT model encompasses four components: Cognitive and 

neuropsychological abilities are associated with academic abilities; individuals exhibit 

varying cognitive profiles with strengths and weaknesses; an individual’s learning is 

assessed directly through performance-based measures as well as indirectly by evaluating 

intervention fidelity (i.e., RTI data); and individuals are able to use their cognitive 

strengths to compensate for any academic weaknesses manifested (Fiorello et al., 2006). 

In short, CHT represents one part of a larger assessment and intervention model in 

practice that can be used in conjunction with RTI to support students with learning 

difficulties (Fiorello et al., 2006).  

 More specifically, CHT entails the use of null hypotheses to statistically test 

differences between a child’s identified cognitive and academic strengths and weaknesses 

under the assumption that no such differences exist (Hale et al., 2011). Hypotheses 

regarding the child’s cognitive strengths and weaknesses are generated based on 

information obtained from the child’s developmental history, presenting concerns, 

behavioral observations, interviews, rating scales and previous intervention and 

remediation performance (Fiorello et al., 2006). The C-DM based on Cognitive 

Hypothesis Testing requires three criteria be met through a series of decisions before a 

SLD can be identified for an individual (Fiorello et al., 2006; Hale & Fiorello, 2004; Hale 

et al., 2011; Stuebing et al., 2012). First, there must be a significant difference between 

two cognitive abilities (i.e., discordance), which are typically labeled as a strength and/or 
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a weakness (Fiorello et al., 2006; Hale & Fiorello, 2004; Hale et al., 2011; Stuebing et al., 

2012). Secondly, there must be a significant difference between a cognitive strength and 

an unrelated academic deficit (e.g., auditory processing and math calculation skills; Hale 

& Fiorello, 2004; Hale et al., 2011; Stuebing et al., 2012). Lastly, there must be a non-

significant difference between a cognitive deficit that is related to an academic deficit 

(i.e., concordance; Fiorello et al., 2006; Hale & Fiorello, 2004; Hale et al., 2011; 

Stuebing et al., 2012). All three criteria have to be met in order to diagnose an individual 

with a SLD.  

 Similar to the DD/C model, practitioners can use any performance-based, norm-

referenced assessment within the C-DM because it uses correlation coefficients and 

standard error of measurement to calculate significant and non-significant differences 

among cognitive strengths, cognitive weaknesses, and academic weaknesses (see Chapter 

3; Hale & Fiorello, 2004; Hale et al., 2011; Stuebing et al., 2012). The C-DM uses an 

ipsative and normative approach for decision-making (Fiorello et al., 2006; Stuebing et 

al., 2012). That is, individual differences are used for each decision, and strengths and 

weaknesses are evaluated using the average range of normative performance. In short, the 

C-DM is an alternative PSW model with its own operationalization of SLD.  

Previous Research: Comparison of Patterns of Strengths and Weaknesses Models  

 Although Miller and colleagues (2016) found that the DD/C operationalized by 

the X-BASS software identified SLD cases at a 100% agreement rate with the 

identification of practitioners, the case data used were contrived to provide the ideal 

profiles of students with and without specific learning disabilities. Stuebing and 
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colleagues (2012) used simulation techniques to evaluate statistically generated latent and 

observed variable data (that reflected a range of realistic values) for three different PSW 

models (i.e., Flanagan’s DD/C, Naglieri’s DC/M, and Hale’s C-DM) and found that all 

three methods accurately identified cases that were not indicative of a SLD; however, 

there was low sensitivity and hit rates for SLD cases (1-2%) among the three methods 

(i.e., more Type I errors). However, this particular study was unable to use clinical data 

within the simulation and evaluate the agreement rate across the three models since the 

minimal number of variables were generated (Stuebing et al., 2012).  

 It is evident that there is a limited research related to PSW models and their 

validity and utility in SLD identification as a third, alternative method (McGill, Styck, 

Palomares, & Hass, 2016; Miciak, Fletcher, Stuebing, Vaughn, & Tolar, 2014). 

Furthermore, studies that have investigated the identification rates and decisions among 

different PSW models (e.g., the C-DM and DD/C models) have found poor agreement 

rates for accurately identifying a SLD (Miciak et al., 2014; Stuebing, et al., 2012). 

Although Miciak and colleagues (2014) used middle school students with reading 

difficulties to gather evaluation data for the above two PSW models and compare 

intervention response rates, this limited the sample and external validity of the findings. 

In contrast to findings by Miller et al. (2016), this particular study found the opposite 

pattern in terms of SLD identification rates by the C-DM (47.5%) and the DD/C model 

(17.3%) with no individual analysis for each model examined (Miciak et al., 2014). 

Although the current study primarily compared the two PSW models, identification labels 

for clinical case data were also compared to their original diagnosis given by the 
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practitioners for each PSW model in an effort to evaluate the methods separately. 

Furthermore, the current study included at least two subtests for each CHC factor (as 

opposed to a single subtest) as recommended by Flanagan and colleagues when using the 

DD/C model operationalized the X-BASS (2013a).  

 Although Miciak, Taylor, Denton, and Fletcher (2015) examined the C-DM 

independently using evaluation data from second graders with reading difficulties as 

participants, and two academic assessment batteries that were comparable but not 

identical, this study yielded different rates of SLD identification from the two different 

batteries with a 62% agreement rate. The current study attempted to minimize assessment 

battery differences by selecting the same variables for cognitive, academic, and 

neuropsychological processes for cases in both the SLD and non-SLD groups (see 

Chapter 3). The current study also closely followed the computation steps outlined by 

Hale and Fiorello (2004) to ensure that the C-DM was operationalized as the authors 

intended.  

 Another study conducted by Miciak et al. (2016) examined the C-DM and the 

DD/C model to identify SLD in elementary students with reading comprehension deficits 

and to determine if their SLD identification corresponded to their predicted intervention 

response. Findings indicated poor agreement between the two PSW models with the C-

DM identifying more students with SLD (59.7%) compared to the DD/C model (43.7%); 

in addition, SLD status was not indicative of differences in participant intervention 

response (Miciak et al., 2016). The current study included a diverse sample of students 

from elementary and secondary levels, including those with SLD in reading, writing, 
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and/or math, in order to maximize the use of clinical data in the PSW models and 

enhance the external validity of any findings. Considering that assessment and 

classification typically precede and inform intervention planning for students with 

specific learning needs, the current study focused primarily on the former. 

Chapter Summary 

 SLDs are common within special education and account for the majority of 

students who qualify for special education services. Although SLD has historical origins 

and has been nationally recognized by federal legislation, its classification and 

identification continue to be areas of debate within the field of school psychology. 

However, agreement exists in terms of the well-established common features of SLD in 

that students display unexpected underachievement in a particular academic domain even 

when they have average to above-average cognitive ability. Additionally, SLD cannot be 

attributed primarily to other exclusionary factors and must significantly impact a 

student’s education. SLD must also be diagnosed within the school setting after a 

comprehensive evaluation of psychological processes has been conducted and a 

multidisciplinary team has decided on the best course of action for a student in terms of 

diagnosis and eligibility.  

 One of the shortcomings discussed in this review of the literature is the under- or 

over-diagnosis of SLD depending on the method of identification utilized. Although the 

IDEA (2004) has permitted the use of aptitude-achievement discrepancy models and RTI, 

it has also allowed the use of an ambiguous third-method that must be research-based. As 

a result of problematic flaws identified by the use of the aptitude-achievement 
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discrepancy models and RTI for SLD identification, PSW models have become a 

potential alternative presented in the research. PSW models adhere to the letter and spirit 

of federal mandates related to SLD and are supported by a strong base of research 

regarding the relationships among cognitive, academic, and neuropsychological processes 

and cross-battery assessment.  

 However, little research has been conducted to assess the validity and reliability 

of PSW models in terms of their accuracy in identifying SLD. Although they may be 

psychometrically-sound methods, there are differences in how SLD is measured and 

identified in PSW models. Considering that the C-DM and DD/C models are similar in 

terms of their use of cross-battery approaches and identification of three relationships 

among cognitive strengths and weaknesses and academic weaknesses, they were selected 

for comparison for the current study. By assessing both models individually in terms of 

how accurately they identify SLD and then comparing them to determine agreement, 

PSW models may obtain more empirical support for their use in practice.
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CHAPTER III  

METHODS 

 The purpose of this chapter delineates how the present research study was 

conducted; this research study examined two third-method approaches for identifying a 

specific learning disability. Each method utilized a patterns of processing strengths and 

weaknesses model to accurately predict and identify a specific learning disability. The 

present study was also an extension of the aforementioned research study in which three 

PSW models were compared in terms of their utility in accurately identifying SLD using 

data from contrived case studies provided to practitioners in the field (Miller et al., 2016). 

However, one of the primary differences in the present study entailed using data collected 

from clinical cases with confirmed SLD diagnoses to compare the two selected PSW 

models in order to enhance the external and internal validity of the original findings. 

Furthermore, clinical cases with non-SLD diagnoses were included for comparison of the 

two PSW models and their identification accuracy.   

 Specifically, the current study compared two PSW models: the DD/C 

operationalized by the X-BASS (Ortiz et al., 2015) and the C-DM (Hale & Fiorello, 

2004). The primary purpose of this study was to determine if the two PSW models 

accurately predicted SLD identification and effectively discriminated between SLD and 

non-SLD clinical groups. A thorough review of the participants, data collection, 

procedures, methodology, instrumentation, and data analysis are described below.
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Research Participants  

 The data for this current study was initially collected using a data set of clinical 

case studies diagnosed with and without SLD (SLD and non-SLD groups, respectively). 

The extant data set was comprised of clinical data from comprehensive 

neuropsychological evaluations completed by professional practitioners in the KIDS, Inc. 

School Neuropsychology Post-Graduate Certification Training Program. The clinical 

cases included school-age children and adolescents between the ages of 8 and 17 years 

old who were diagnosed with SLD (i.e., in reading, math, and/or writing) or as non-SLD 

(i.e., autism spectrum disorder [ASD] or attention deficit/hyperactivity disorder 

[ADHD]). That is, the extant data set included both broad and specific diagnostic 

categories descriptive of each clinical case. These diagnostic categories and disability 

classifications were impressions determined by the practitioner as a part of the 

comprehensive evaluation. There were 357 pre-identified cases for SLD and 128 pre-

identified cases as non-SLD (i.e., ADHD/ASD) prior to case selection.  

 The broad diagnostic categories of interest in the current study (e.g., SLD, 

ADHD, ASD) were included to initially categorize participants as SLD or non-SLD. The 

extant data set was filtered by age (i.e., 8-17), broad diagnostic category (i.e., SLD, 

ADHD, and ASD), and specific diagnostic category (SLD in reading, math, and writing; 

ADHD-Not Otherwise Specified [ADHD-NOS], ADHD-Inattentive Type [ADHD-IN], 

ADHD-Combined Type [ADHD-COM], ADHD-Hyperactive/Impulsive Type [ADHD-

HYP]; ASD-Pervasive Developmental Disorder Not Otherwise Specified [PDD-NOS], 

Autism [AU], and Asperger’s Disorder [ASP]). There were 114 total participant cases 
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identified in the extant data set that met the above selection criteria and were pulled for 

the current research study (see Chapter 4 for participant demographics and descriptives).   

 Approval from the Institutional Review Board (IRB) at Texas Woman’s 

University was obtained prior to examining the existing data set and carrying out the data 

analyses for the current study. Parent consent was obtained at the onset of the 

comprehensive evaluations, and parents of participants were informed that evaluation 

data would be entered into a larger data set for the purpose of research. In an effort to 

protect the confidentiality of participants and clinical case data, all identifying 

information, with the exception of the demographic variables of interest in the current 

study (e.g., age, date of birth, evaluation year, gender, race/ethnicity, and diagnoses), 

were removed from the data set.  Demographic data was then examined for the filtered 

and selected cases for the current study.  

Data Collection  

 A sample of SLD and non-SLD clinical cases was used for the current study to 

compare the discriminate accuracy of the X-BASS and the C-DM approaches. The 

primary selection criteria for clinical case data was the participant’s broad/primary 

disability classification. Broad diagnoses for cases were coded as SLD, ADHD, and ASD 

in the extant data set. The SLD and non-SLD sample groups included cases represented 

by varying demographics. Of note, these cases were individually run twice in both PSW 

models in order to re-classify and identify each case as a member of the SLD or non-SLD 

groups in order to collect data for the statistical analyses that followed.  
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 In order to compare the utility and accuracy of the two PSW models of interest, 

the same standardized variables were selected from test measures (i.e., cognitive, 

achievement, and executive functioning data) in the extant data set for the clinical cases 

in the SLD and non-SLD groups. More specifically, subtests were selected a priori as 

reliable indicators of achievement, cognitive, and executive functioning in order to run 

data through the X-BASS software and use in the C-DM computations. Once subtest data 

for cases were run through both PSW models, statistical analyses were performed to 

determine any significant differences in the PSW model findings using IBM Statistical 

Package for Social Sciences (SPSS; v.24).  

 After the standardized variables were selected from the extant data set (see the 

Procedures, Methodology, and Instrumentation section below), this new constellation of 

data was cleaned and examined.  Although there was an adequate sample size for the 

current study in terms of the number of clinical cases that were filtered and identified as 

appropriate, a Missing Value Analysis was conducted for all of the clinical data. Overall, 

it was determined that all of the assessment variables selected for the clinical cases in the 

SLD and non-SLD groups were missing data (see Chapter 4). As such, two data sets were 

created for the current study: the original, un-imputed data set (original data set) and 

another data set with imputed values to replace the missing variable data for cases 

(imputed data set). It was decided that comparison of the results from both data sets 

would strengthen the internal and external validity of the present study.  
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Procedures, Methodology, and Instrumentation 

 The extant data set was initially filtered by broad and specific diagnostic 

categories to eliminate the possibility of including cases with comorbid disorders and 

disabilities not of interest to the current study. In addition to reading, math, and writing 

subtypes of SLD, the following specific diagnoses were used to select case participants as 

aforementioned: ADHD-NOS, ADHD-IN, ADHD-COM, ADHD-HYP, PDD-NOS, AU, 

and ASP. After filtering the extant data set using the above age and clinical groups for 

broad and specific diagnostic categories to generate the sample (n = 114), variable data 

for each participant was selected from the larger data set using the following procedure.  

 Cases that had a given SLD diagnosis were initially selected for the SLD group in 

the current study; cases that had a given diagnosis of ADHD or ASD were selected for 

the non-SLD group. At least two standardized subtest variables were selected for each 

cognitive, academic, and executive functioning domains of interest in the current study 

(see Tables 1 and 2); this was done to ensure consistency among the cases so that any 

differences in identification accuracy could be attributed to the separate PSW models and 

not due to the varying psychometrics of subtests. Variables selected generally had higher 

reliabilities and more data readily available from the extant data set (i.e., higher sample 

sizes). There were also additional variables selected for certain domains to serve as 

alternatives when cases did not have any data available for the two primary subtests; 

these additional variables were used on occasion for the original data set in order to 

successfully run cases through the PSW models.  
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 In order to ensure that each case had the same standardized variables to limit any 

discrepancies within the study, at least two cognitive subtests were selected that 

corresponded to each of the seven CHC factors (see Table 2). Cognitive data variables 

were selected from the following intelligence measures: the Woodcock-Johnson Tests of 

Cognitive Abilities – Third Edition, Normative Update (WJ III COG NU; Woodcock, 

Schrank, McGrew, & Mather, 2005a), the Woodcock-Johnson Tests of Cognitive Abilities 

– Fourth Edition (WJ IV COG; Schrank, McGrew, Mather, & Woodcock, 2014a), the 

Woodcock-Johnson Tests of Oral Language, Fourth Edition (WJ IV OL; Schrank et al., 

2014c), and the Wechsler Intelligence Scale for Children – Fourth Edition/Fifth Edition 

(WISC-IV/WISC-V; Wechsler, 2003; Wechsler, 2014). 

 Next, standardized data variables for the academic achievement areas of interest 

in the present study were selected for the SLD and non-SLD groups. At least two subtests 

measuring academic skills associated with reading, math, and writing were pulled. There 

were no subtest data or variables for listening comprehension or oral expression pulled or 

utilized for the current study since SLD in these academic areas was not examined. The 

following achievement measures were used: the Woodcock-Johnson Tests of Achievement 

– Third Edition, Normative Update (WJ III ACH NU; Woodcock, Schrank, McGrew, & 

Mather, 2005b), the Woodcock-Johnson Tests of Achievement – Fourth Edition (WJ IV 

ACH; Schrank, McGrew, Mather, & Woodcock, 2014b), and the Wechsler Individual 

Achievement Test – Third Edition (WIAT-III; Wechsler, 2009). In addition to covering 

the full range of CHC cognitive factors as well as academic abilities, the WJ III NU and 

WJ IV instruments were selected as preferred measures because adequate construct, 
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convergent, and discriminate validity for subtests and batteries have been established and 

co-normed; the standardization sample for these measures was also representative of the 

U.S. population (Schrank, Miller, Wendling, & Woodcock, 2010). Table 1 delineates 

which variables were used for the academic domains. 

 Standardized data variables for executive function (EF) skills as well as attention 

were also selected for cases in the SLD and non-SLD groups. Specifically, at least two 

subtests measuring EF skills and attention were pulled from the NEPSY: A 

Developmental Neuropsychological Assessment – Second Edition (NEPSY-II; Korkman, 

Kirk, & Kemp, 2007); however, one of the variables pulled from the extant data set 

measuring sustained attention (i.e., Pair Cancellation) was selected from the WJ IV COG. 

The NEPSY-II was selected as the preferred measure of EF skills because its 

standardization sample included 1,200 children representative of the overall population; 

convergent and discriminate validity have also been established for the measure (Kemp & 

Korkman, 2010). As noted above, all cases shared the same variables in order to 

standardize data input into each PSW model. Table 2 delineates which variables were 

used for the cognitive, executive functioning, and attention domains.  

 Once appropriate cases and variables were identified and selected, data for each 

participant were screened to ensure that there were no outliers, data entry errors, or 

missing data. When data entry errors were found (e.g., percentile ranks entered instead of 

standard or scaled scores), the data for those individual variables were removed. All test 

variables selected for cognitive, academic, and executive functioning domains as well as 

participant age were set as “scale/numeric” variables within SPSS (v.24), whereas 
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demographic and categorical variables (e.g., PSW model, label identification, ethnicity, 

gender, initial diagnosis) were set as “numeric/string/nominal” variables within SPSS 

(v.24) for statistical analysis.  

 Next, data pulled for the original and imputed data sets were run case-by-case in 

the two PSW models before cross-validating the results through statistical analysis (see 

the Data Analysis section). That is, the achievement, cognitive, and executive functioning 

data from the clinical cases in the SLD and non-SLD groups were used in both models to 

determine the presence or absence of a specific learning disability. The determination by 

each PSW model for cases in the original and imputed data sets were recorded and coded 

to indicate a correct or incorrect identification based on the original diagnosis and group 

membership (i.e., SLD coded “1”; non-SLD coded “0”).  

 Average and median reliabilities for subtest variables were utilized for the PSW 

models for consistency and to minimize any additional factors that could attribute to 

findings. More specifically, the C-DM approach requires the entry of individual subtest 

reliability coefficients for its manual computations. However, the NEPSY-II variables 

were the exception. Average reliability coefficients on the NEPSY-II are broken down by 

age ranges (i.e., 3-4, 5-6, 7-12, and 13-16). Since most of the participants in the current 

study were between the ages of 8 and 12 (i.e., 73.7%), the average reliability coefficients 

for that age range were used (i.e., those for the 7-12 age range). These coefficients were 

also slightly higher for the selected NEPSY-II variables compared to those from the 

higher age range (i.e., 13-16). The reliability coefficients for each cognitive, academic, 

and executive functioning variable are provided in Tables 3 and 4. 
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Table 1 

Academic Achievement Standardized Variables for Case Data 

Battery Subtest BRS RF RC MC MPS WE 

WJ III/IV ACH Letter-Word Identification X      

WJ III/IV ACH Word Attack X      

WJ III/IV ACH Sentence Reading Fluency   X     

WJ IV ACH Word Reading Fluency  X     

WIAT-III Oral Reading Fluency*  X     

WJ III/IV ACH Passage Comprehension   X    

WIAT-III Reading Comprehension   X    

WJ III ACH NU Calculation    X   

WIAT-III Numerical Operations    X   

WIAT-III Math Problem-Solving     X  

WJ III ACH NU Applied Problems     X  

WJ IV ACH Writing Samples      X 

WIAT-III Sentence Completion      X 
Note.  BRS = Basic Reading Skills; RF = Reading Fluency; RC = Reading Comprehension; MC = Math Calculation; MPS = Math Problem-Solving; 

WE = Written Expression. *Oral Reading Fluency used only as an alternative when data for the other primary RF subtests were unavailable for a case.
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Table 2 

Cognitive and Executive Functioning Standardized Variables for Case Data 

Battery Subtest Gc Gf Gsm Glr Gs Gv Ga EF Attn 

WJ IV COG  Object-Number Sequencing    X       

WJ IV COG Numbers Reversed   X       

WISC-IV/V Digit Span Forward*   X       

WJ III COG NU Incomplete Words       X   

WJ IV OL Sound Blending       X   

NEPSY-II Phonological Processing*       X   

WISC-IV/V Coding      X     

WISC-IV/V  Symbol Search     X     

WJ IV COG Number-Pattern Matching*     X     

WJ IV COG Concept Formation  X        

WJ IV COG Analysis-Synthesis  X        

WISC-IV/V Block Design      X    

WJ III COG NU Spatial Relations      X    

WISC-V Visual Puzzles*      X    

WISC-V Picture Completion*      X    

WJ III ACH NU Story Recall    X      

WJ IV COG Visual-Auditory Learning    X      

WJ III COG NU Verbal Comprehension X         

WJ III/IV COG General Information X         

WISC-IV/V Information* X         

NEPSY-II Animal Sorting Combined        X  

NEPSY-II Auditory Attention: Response Set        X  

NEPSY-II Inhibition-Switching Combined*        X  

NEPSY-II Inhibition Combined*        X  

WJ IV COG Pair Cancellation         X 

NEPSY-II Auditory Attention         X 

Note. Gc = Comprehension-Knowledge/Crystallized Intelligence; Gf = Fluid Reasoning; Gsm = Short-Term/Working Memory; Glr = Long-Term 

Retrieval; Gv = Visual-Spatial Processing; Ga = Auditory Processing; EF = Executive Functions; Attn = Attention. *Denotes subtests used as 

alternatives when other primary variable data was unavailable within a domain.    
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Table 3 

Reliability Coefficients for Academic Achievement Standardized Variables  

Battery Subtest Median r 

WJ III/IV ACH Letter-Word Identification .94 

WJ III/IV ACH Word Attack .90 

WJ III/IV ACH Sentence Reading Fluency  .95 

WJ IV ACH Word Reading Fluency .92 

WIAT-III Oral Reading Fluency* .93 

WJ III/IV ACH Passage Comprehension .89 

WIAT-III Reading Comprehension .86 

WJ III ACH NU Calculation .86 

WIAT-III Numerical Operations .93 

WIAT-III Math Problem-Solving .91 

WJ III ACH NU Applied Problems .93 

WJ IV ACH Writing Samples .90 

WIAT-III Sentence Completion .87 
Note. *Oral Reading Fluency used only as an alternative when data for the other primary RF subtests were unavailable for a case.
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Table 4 

Reliability Coefficients for Cognitive and Executive Functioning Standardized Variables  

Battery Subtest Median r 

WJ IV COG  Object-Number Sequencing  .89 

WJ IV COG Numbers Reversed .88 

WISC-IV/V Digit Span Forward* .81 

WJ III COG NU Incomplete Words .81 

WJ IV OL Sound Blending .89 

NEPSY-II Phonological Processing* .86 

WISC-IV/V Coding  .82 

WISC-IV/V  Symbol Search .81 

WJ IV COG Number-Pattern Matching* .85 

WJ IV COG Concept Formation .93 

WJ IV COG Analysis-Synthesis .93 

WISC-IV/V Block Design .84 

WJ III COG NU Spatial Relations .81 

WISC-V Visual Puzzles* .89 

WISC-V Picture Completion* .83 

WJ III ACH NU Story Recall .87 

WJ IV COG Visual-Auditory Learning .97 

WJ III COG NU Verbal Comprehension .92 

WJ III/IV COG General Information .89 

WISC-IV/V Information* .86 

NEPSY-II Animal Sorting Combined .95 

NEPSY-II Auditory Attention: Response Set .88 

NEPSY-II Inhibition-Switching Combined* .87 

NEPSY-II Inhibition Combined* .86 

WJ IV COG Pair Cancellation .89 

NEPSY-II Auditory Attention .83 

Note. *Denotes subtests used as alternatives when other primary variable data was unavailable within a domain. 
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 In terms of data entry, standard scores (M = 100; SD = 15) were used for all 

standardized variables in the study. When scaled scores (M = 10; SD = 3) were available 

for selected variables from certain assessment tools (e.g., WISC-IV/V; WIAT-III), the 

corresponding standard scores were entered instead for those variables within both PSW 

models (e.g., scaled score of 10 = standard score of 100). There were cases in the original 

data set that had only a single score for cognitive, academic, and/or executive functioning 

domains as opposed to data for two subtests for the selected variables. In order to not 

disrupt the underlying calculations for the C-DM and the X-BASS, the same score and 

variable available for a case were entered twice for the domain in order to generate 

composites (e.g., a standard score of 100 on WJ IV COG Numbers Reversed entered 

twice for the Gsm domain) in order to determine the three statistically significant and 

non-significant relationships for SLD identification. When there was no data available for 

a cognitive, academic, and/or executive functioning domain, no data was entered for 

those variables. As such, those data variables were not included in the overall PSW 

analyses. In addition, the overall full scale derived IQ scores for the C-DM approach 

were calculated based on the number of cognitive areas with actual data included and 

adjusted accordingly (e.g., 5, 6, 7, or 8 domains accounted for overall cognitive ability).  

 When cases were missing data for one of the seven CHC domains in the X-BASS, 

the g-Value and overall SLD determination could not be generated; thus, such cases were 

coded as “ND” (i.e., not enough data in the original data set) for their resulting 

identification label for the X-BASS. Consequently, these cases were unable to be 

identified as SLD or non-SLD, so only identification labels from the C-DM were found 
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and recorded for those particular cases. Of note, the X-BASS demarcates cohesive 

composites as subtest scores with differences less than one standard deviation. When 

cognitive, academic, or executive functioning composites were deemed not cohesive by 

the X-BASS, case data for both subtests and variables were entered twice to generate the 

composites in order to proceed in the system (i.e., difference among the variable data was 

less than 1 and 1/3 standard deviations when variables were entered twice). This was 

done because follow-up testing was not possible for additional data due to the use of an 

extant data set.  

 The imputed data set was derived by running five iterations of multiple 

imputation (MI) in SPSS (v.24) using the original data set with the selected variables and 

participants. The MI approach generated values to replace any missing data across all 

variables and participants. For each variable in the five imputed data sets, averages were 

calculated to generate single values by variable for each participant case. The averages of 

the imputed data by variable were computed to ensure realistic values were provided (i.e., 

no negative or extreme values for assessment scores). It is worth noting that imputation 

was primarily necessary for cases run through the X-BASS, particularly when any of the 

seven CHC factors was missing data from the original data set. Similar to the cases run 

through both PSW models in the original data set, case data from the imputed data set 

were run through the C-DM calculations and the X-BASS to determine if a SLD was 

identified or not. It was not necessary to use alternative variables for the imputed data set 

to run cases since any missing data for the two primary subtests for each domain were 

replaced and available. Consequently, this helped to maintain the standardized variable 
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data entered for each case within both PSW models. Of note, the Visual Puzzles 

alternative variable from the WISC-V was removed altogether after imputation due to the 

presence of some negative values. There were also limited variable options for executive 

functioning and attention domains in the X-BASS software for cases in both the original 

and imputed data sets (see Chapter 5).  

 The two PSW models of interest in the current study, the C-DM approach and the 

DD/C model operationalized by the X-BASS software, require the practitioner to be 

knowledgeable of neuropsychological and empirically-based relationships between 

corresponding cognitive processes and areas of academic achievement (Flanagan et al., 

2013a). Both PSW models used assessment data of cognitive and academic abilities to 

statistically identify individual cognitive strengths, cognitive weaknesses, and academic 

deficits. The two PSW models determined if cognitive strengths were discrepant from 

cognitive weaknesses and academic weaknesses and if cognitive and academic 

weaknesses were consistent (Hale & Fiorello, 2004; Ortiz et al., 2015). However, the two 

methods differ in their underlying theoretical approach, statistical calculations and 

assessment options.  

The Concordance-Discordance Model  

 Hale and Fiorello’s C-DM (2004) entails using individualized cognitive and 

academic performance-based assessment tools to aid the practitioner with identifying 

cognitive strengths, cognitive deficits, and academic deficits (Hale et al., 2011). The 

underlying theory for the C-DM is Hale and Fiorello’s cognitive hypothesis testing 

(CHT; Hale et al., 2011). According to CHT, null hypotheses are statistically tested to 
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determine if differences exist among cognitive strengths, cognitive weaknesses, and 

academic deficits; when such differences are found, it is typically indicative of a specific 

learning disability (Hale et al., 2011). Specifically, the C-DM uses a statistical approach 

to determine individual strengths and weaknesses by assuming a null hypothesis that 

there are no statistically significant differences between the identified cognitive strengths 

and deficits as well as between the identified cognitive strengths and academic deficits 

(Hale et al., 2011). The C-DM tests these statistical differences, or lack thereof, using the 

standard error of difference formula (Hale et al., 2011). The model below in Figure 3.1 

was originally proposed by Hale and Fiorello (2004) and summarizes the premise of the 

C-DM approach.  

Figure 3.1. The Concordance-Discordance Model  

 

Figure 3.1. Adapted from the proposed CD-M approach by Hale and Fiorello (2004).  

 In order to use the C-DM approach, practitioners can select and administer any 

performance-based measure for achievement, cognitive ability, or executive functioning 

and use the examinee’s data in the given calculations (Hale et al., 2011). The C-DM 

approach follows an eight-step process delineated below to identify a SLD through a set 

of decision rules and clinical judgment (Hale et al., 2011). It is equally important that 
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global cognitive functioning scores (e.g., IQ) are reviewed by the practitioner to 

determine if composites or factors are better representations of the individual’s overall 

performance, which can be used in the calculations for the C-DM; however, if the 

individual’s performance across subtests within factors is too variable, then subtests 

measuring the same narrow ability or similar tasks can be used together from different 

standardized measures to create composite scores for calculations in the C-DM (Hale et 

al., 2011).  

 In fact, the initial step in the C-DM approach entails interpreting standardized 

cognitive global, composite, and subtest scores to determine if there is too much scatter in 

performance (Hale et al., 2011).  If the practitioner determines that there is a lack of 

consistency in the individual’s performance and enough subtest data (i.e., at least two 

subtests from a single test or different measures) for factor scores to be derived, the 

clinician can use the C-DM approach and proceed to step two (Hale et al., 2011). These 

cognitive factors and subtests can be used for the cognitive strengths and weaknesses in 

the C-DM calculations (Hale et al., 2011). Individual subtest scores were used for the 

cognitive and executive functioning data variables in the current study in order to 

compute and generate composite scores and an overall full scale IQ score for each case.  

 Similar to the previous step, the practitioner must examine the standardized 

achievement scores and determine if there is too much scatter in the composites or 

subtests; such a potential deficit must be indicative of the individual’s performance from 

multiple sources of data (e.g., response-to-intervention, teacher report, prior evaluations; 

Hale et al., 2011). Step three of the C-DM approach requires the practitioner to be 
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familiar with or to review the neuropsychological literature to determine which 

relationships of cognitive and academic deficits are evident in the present case (Hale et 

al., 2011). For instance, the neuropsychological literature found that 

auditory/phonological processing is associated with reading decoding (Feifer, 2011), so if 

an individual has deficits in both areas but overall average to above average cognitive 

strengths in other areas, it may indicate that the individual has a SLD. For the current 

study, each case’s data were entered in the C-DM calculations from the original and 

imputed data sets and examined to determine the lowest cognitive area/(s) and academic 

area/(s); the appropriate reliability coefficients and performance scores were entered to 

estimate any statistically significant differences among the three relationships.  

 After determining if the performance data are related based on the 

neuropsychological literature, the practitioner must then acquire the reliability 

coefficients for the cognitive and academic measures during step four of the C-DM (Hale 

et al., 2011). Reliability coefficients such as Cronbach’s coefficient alpha can be located 

in most technical manuals for assessments as a measure of internal consistency; those 

subtests and composites with reliabilities greater than or equal to .65 were considered 

acceptable and reliable measures for this study (Meyers, Gamst, & Guarino, 2013c). 

More specifically, all subtests and variables selected for the current study had median 

reliability coefficients available in their respective test manuals and were greater than .80 

(see Tables 3 and 4). As such, it was not necessary to manually compute these subtest 

reliability coefficients using Fisher’s r-to-z transformation as suggested (Hale et al., 

2011); composite/factor reliabilities were generated from the subtests in the current study.  
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 Once the practitioner has the reliability coefficients of the subtests and composites 

from the measures administered to the individual, step five of the C-DM requires that the 

standard error of difference (SED) formula:  be calculated in 

order to determine if there is discordance between the identified cognitive strength and 

deficit (i.e., there is a significant difference between the two psychological processes; 

Hale et al., 2011). The rxx and ryy values represent the reliability coefficients of the 

cognitive strength and cognitive weakness measures administered, and SD represents the 

standard deviation of the normal distribution of standard scores (i.e., 15; Hale et al., 

2011). A small SED would indicate that the difference between two sample means (e.g., 

cognitive strengths and weaknesses) from a population is small, whereas a larger SED 

would indicate that the difference between two sample means from a population is larger 

than expected by chance (Field, 2013b).   

 The calculated SED was then multiplied by either 1.96 for a significance level of 

.05 (p < .05) or by 2.58 for a significance level of .01 (p < .01); this value was the critical 

difference that was used for comparison to the actual obtained difference between the 

cognitive strength and cognitive deficit measures (Hale et al., 2011). When the obtained 

difference was larger than the derived SED critical value, then a statistically significant 

difference or discordance between the cognitive strength and cognitive deficit was 

identified (Hale et al., 2011). In terms of clinical significance, the individual likely has a 

cognitive weakness in a psychological process that impacts his/her academic 

performance, which implies a potential SLD (Hale et al., 2011).  
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 The practitioner must then progress to step six of the C-DM if the first statistical 

significance is found (Hale et al., 2011). The practitioner again calculates the SED using 

the appropriate reliability coefficients, multiplying the SED by 1.96 or 2.58 to find the 

critical difference, and comparing the critical value to the obtained difference (Hale et al., 

2011). However, this time it determines if there is discordance between the identified 

cognitive strength and academic deficit (Hale et al., 2011). If there is a statistically 

significant difference found, it is likely that the individual’s academic performance is 

below expected and indicative of a specific learning disability (Hale et al., 2011). This 

step was completed as the third relationship check in the current study.   

 The seventh step involves calculating the SED using the identified cognitive 

deficit and academic deficit to determine if there is concordance (i.e., there is no 

significant difference between the psychological process and academic achievement; 

Hale et al., 2011). The practitioner repeats similar calculations as described in steps four 

through six, but the obtained difference should be less than the SED critical value; this 

indicates there is no statistical difference between the cognitive deficit and academic 

deficit (i.e., the individual’s performance is consistent) and that the cognitive deficit is 

most likely the cause of the academic weakness (Hale et al., 2011). This step was 

completed as the second relationship check in the current study. The eighth and final step 

in the C-DM approach is critical in the confirmation of a SLD; the practitioner should 

review the ecological validity of the statistically significant differences and work with a 

team to determine if a diagnosis of SLD is most appropriate for the individual 

considering the neuropsychological literature, classroom performance and observations, 
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parent and teacher report, exclusionary factors, and other data sources (Hale et al., 2011). 

For the purposes of this study, when all three relationships met the above criteria, the 

case was identified and coded as SLD. 

 For the current study, each clinical case in the SLD and non-SLD groups were 

analyzed using the C-DM eight-step process and associated calculations. The reliability 

coefficients were obtained for each standardized variable selected and administered as a 

part of the evaluation for the assessments of interest (e.g., cognitive, academic, and 

executive functioning testing).  Although the cases received diagnoses prior to or after the 

comprehensive evaluations, the purpose of the current study was to compare the accuracy 

of SLD identification using two PSW models, which was why each case with similar 

assessment data variables were used in the C-DM calculations and their resulting 

identification labels were recorded and coded for further analysis.  

The Operationalization of the Dual-Discrepancy/Consistency Model  

 Similar to the C-DM, the Cross-Battery Assessment Pattern of Strengths and 

Weaknesses Analyzer v2.1 (XBA PSW-A v2.1; hereafter, the X-BASS or the X-BASS 

software) also adheres to an underlying theoretical approach: the DD/C SLD 

identification model, which emphasizes consistent and discrepant relationships among 

cognitive strengths, cognitive weaknesses, and academic deficits (akin to concordance 

and discordance labeling in the C-DM approach; Flanagan et al., 2013a; Ortiz et al., 

2015). Flanagan et al. (2013a) proposed an operational definition of SLD using the cross-

battery assessment approach (XBA) and an underlying CHC theoretical perspective. The 

X-BASS software was developed for practitioners and clinicians based on this 
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operational definition of SLD in an effort to assist with interpreting assessment data by 

identifying patterns of strengths and weaknesses (Flanagan et al., 2013a). Figure 3.2 

represents the common components of PSW models for SLD identification such as the 

DD/C model (Flanagan et al., 2013a). The X-BASS software uses these components and 

relationships to empirically and statistically determine if there are significant differences 

among cognitive strengths, cognitive weaknesses, and academic weaknesses (Flanagan et 

al., 2013a). 

 According to Flanagan and colleagues (2013a), the bottom two components in 

Figure 3.2 represent an ecologically valid and evidenced-based relationship between 

cognitive weaknesses and corresponding academic weaknesses; in other words, it can be 

assumed that the identified cognitive weakness is associated with or causes the academic 

weakness. The top component represents overall cognitive ability and strengths for an 

individual, which typically are average or above average; however, the respective 

relationships illustrated from the cognitive strengths to the cognitive weaknesses and the 

academic weaknesses represent clinically and statistically significant differences in terms 

of the individual’s performance (Flanagan et al., 2013a). That is, the individual’s 

cognitive strengths are substantially different from his/her identified academic and 

cognitive weaknesses than would be expected by chance; these are the relationships that 

are mathematically calculated when using the X-BASS software in order to 

operationalize the DD/C model (Flanagan et al., 2013a; Ortiz et al., 2015). 
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Figure 3.2. The Dual-Discrepancy/Consistency Model  

 

Figure 3.2. Adapted from the Dual-Discrepancy/Consistency Model for specific learning disability 

identification using a pattern of strengths and weaknesses proposed by Flanagan et al. (2013a).  

 

 Flanagan and colleagues (2013a) define a weakness as below-average 

performance on a standardized, norm-referenced test (i.e., standard scores of 89 or lower 

based on a M = 100 and SD = 15). Additionally, a deficit is defined as performance on a 

standardized, norm-referenced test that falls one standard deviation or more below the 

mean on a normal curve (i.e., standard scores less than 85; Flanagan et al., 2013a). These 

specific cognitive or academic weaknesses and deficits used in the DD/C model typically 

reflect an individual student’s performance in relation to his/her same-age or same-grade 

peers (Flanagan et al., 2013a). 

 The X-BASS software is an automated cross-battery and data management 

program that includes various modules and Excel tab sheets; the following were the 

modules of interest in the current study: 1) the XBA and Test Composite Analyzer 
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(XBA), 2) the Data Organizer and Score Summary (Data Organizer), 3.) the Strengths 

and Weaknesses Indicator (S/W Indicator), 4.) the Processing Strengths and Weaknesses 

Analyzer Data Summary (PSW-A Data Summary), and 5.) the Processing Strengths and 

Weaknesses Analyses for SLD (PSW Analyzer; Flanagan et al., 2013a; Ortiz et al., 

2015). Although the X-BASS allows practitioners to enter data for entire test batteries 

and includes the Culture-Language Interpretive Matrix (to determine the 

cultural/linguistic loadings and their influence on an individual’s performance), these 

sections of the program were not utilized in the current study (Ortiz et al., 2015). For the 

purposes of this study, the above portions of the X-BASS software listed were utilized to 

run clinical case data for the selected participants in the SLD and non-SLD groups. As 

described above, the X-BASS software also encompasses components of CHC theory and 

requires cognitive and academic assessment data from standardized, norm-referenced 

tests; more specifically, only composite and subtest scores can be entered into the system 

(i.e., standard scores with a M = 100 and SD = 15 and scaled scores with a M = 10 and 

SD = 3) in order to compute statistically significant relationships for the DD/C model 

(Flanagan et al., 2013a; Ortiz et al., 2015). As noted above, the current study used subtest 

scores for each case’s data.  

 In order to generate and compute cognitive and academic skills using the X-BASS 

software, each clinical case’s data from the SLD and non-SLD groups was individually 

entered into the Excel tabs of interest. Demographic data for each participant was entered 

under the “Start” tab in which new data records were created and saved (Ortiz et al., 

2015). The required information included “Name of Examinee,” “Dates of Evaluation,” 
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“Date of Birth,” and the “Examinee’s Grade” (Ortiz et al., 2015). For the purposes of this 

study, each participant’s coded number was entered as his/her name (e.g., 001, 002) to 

ensure confidentiality. In addition, the dates of evaluation were estimated and calculated 

based on the participant’s age at the time of the evaluation, their date of birth, and the 

academic year in which they were evaluated. The participant’s date of birth was entered 

as it appeared in the extant data set, and the participant’s grade was entered as an estimate 

of his/her age. Once the demographic information was entered, the X-BASS software 

automatically generated the participant’s chronological age, which was in turn used for 

underlying PSW analyses (Ortiz et al., 2015). 

 The X-BASS software specifically measures the following cognitive and 

psychological processes according to CHC theory: crystallized 

intelligence/comprehension-knowledge (Gc), fluid reasoning (Gf), long-term storage and 

retrieval (Glr), short-term/working memory (Gsm/Gwm), visual-spatial processing (Gv), 

auditory processing (Ga), processing speed (Gs), domain-specific knowledge (Gkn), 

cognitive efficiency, executive functions, orthographic processing, retrieval fluency, and 

speed of lexical access (Ortiz et al., 2015). It also measures the following academic 

processes: basic reading skills, reading comprehension, reading fluency, written 

expression (all of the aforementioned are considered a part of Grw, which is the CHC 

factor for reading and writing abilities), math calculation, math problem-solving (both 

considered a part of quantitative reasoning [Gq]), oral expression, and listening 

comprehension (Ortiz et al., 2015). Data from composite scores or subtest scores can be 

entered into each of these areas under the XBA tab in the software (Ortiz et al., 2015). 



71 
 

 The practitioner can choose to select whole test batteries (e.g., WJ IV COG; 

WISC-V), co-normed tests (e.g., WJ IV COG; WJ IV ACH) or cross-battery assessments 

(e.g., selected subtests from the WJ IV COG and WISC-V) from drop-down menus in 

order to access the reliabilities and inter-correlations for each test, composite, or subtest 

for PSW calculations (Ortiz et al., 2015). However, there must be data to reflect the seven 

CHC cognitive domains in order to generate the individual’s g-Value score (Ortiz et al., 

2015). Additionally, for the cross-battery assessments, there must be at least two subtest 

scores for each cognitive domain in order for the derived composites to be generated and 

used in the PSW analyses and calculations (Ortiz et al., 2015). 

 For the current study, each participant’s clinical case data was initially entered in 

the XBA tab for the respective cognitive and academic domains using the standardized 

test variables selected. Depending on which subtests were administered and selected for 

the applicable cognitive and academic areas described above, those variables were 

selected from the drop-down menus in the XBA tab with the respective scores entered for 

each participant in the SLD and non-SLD groups for both the original and imputed data 

sets (Ortiz et al., 2015). The subtest scores for each domain (e.g., Gc) automatically 

generated a composite score (as a standard score) and percentile rank regardless if scaled 

or standard scores were initially entered (Ortiz et al., 2015). As aforementioned, when 

single subtest data was available for cognitive, academic, and/or executive functioning 

domains, this data and specific variable were entered twice in order to generate 

composites for cases in the original data set. These composite scores were then 

transferred to the Data Organizer tab in order to be entered into subsequent analyses in 
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the PSW Analyzer (Ortiz et al., 2015). The XBA tab also provided an interpretation for 

each domain composite in terms of its validity based on the difference between the 

subtest scores (i.e., the difference is less than 1 SD; Ortiz et al., 2015). As described 

above, when there was a larger discrepancy between the two subtest scores for a domain, 

the two variables and data were entered twice in order to generate the composites for 

cases in both data sets in the current study.  

 Once composite scores were computed for each participant’s assessment data, 

each domain was designated as a strength or weakness under the S/W Indicator tab in the 

X-BASS software by the researcher (Ortiz et al., 2015). As described in detail below, 

Flanagan and colleagues (2013a) note that standard scores of 85-89 are considered to be 

weaknesses or inhibitors of overall learning and academic skill development; they define 

deficits as standard scores of less than 85. However, for the purposes of this study, 

designations of each participant’s weaknesses were based on the normal curve standard 

for below average, average, and above average ranges; that is, scores 84 and lower were 

marked as “weaknesses” and scores 85 and higher were marked as “strengths” for 

consistency in data entry between the two PSW models. After indicating strengths and 

weaknesses for each participant’s composite scores, the PSW-A Data Summary tab 

automatically transferred the strengths and weaknesses (denoted in green and red, 

respectively) and generated the individual’s g-Value, facilitating cognitive composite 

(FCC), and inhibiting cognitive composite (ICC; Ortiz et al., 2015).  

 The X-BASS software provides the practitioner a g-Value as a measure of how 

likely the individual’s noted strengths indicate average or better overall cognitive ability 
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(i.e., his or her ability to reason and think) even if the individual has weaknesses or 

deficits (Flanagan et al., 2013a). However, the more cognitive weaknesses and deficits an 

individual has, the more likely his/her g-Value will be lower and the less likely he/she has 

average cognitive ability (Flanagan et al., 2013a). The g-Value ranges from 0 to 1, and 

those values that are greater than or equal to .60 are considered to be average overall 

cognitive ability (Flanagan et al., 2013a). The X-BASS software automatically marks the 

g-Value as green ( .60 means “average overall ability is very likely”), yellow (.51-.59 

means “more information is needed”) or red ( .50 means “average overall ability is 

unlikely”) for each individual’s data that is entered into the software (Flanagan et al., 

2013a; Ortiz et al., 2015).  

 After each participant’s composites are determined to be sufficient or insufficient 

(i.e., marked as strengths and weaknesses by the examiner), the g-Value is calculated 

based on the g-weights assigned to each of the cognitive abilities (i.e., metric loadings for 

the seven CHC factors on overall intelligence); in other words, the g-Value is not 

influenced by the actual subtest scores entered in the XBA tab but rather the designated 

strengths and weaknesses (Flanagan et al., 2013a; Ortiz et al., 2015). Only the g-weights 

of the cognitive abilities marked as “strengths” are factored into the g-Value (Flanagan et 

al., 2013a). Furthermore, strengths in Gf (g-weight = .1870), Gc (g-weight = .2355), Glr 

(g-weight = .1572),  and Gsm (g-weight = .1152) generally have higher g-weight values 

assigned to them compared to Gv (g-weight = .1167), Ga (g-weight = .1029), and Gs (g-

weight = .0864) because the former cognitive abilities contribute more to overall 

intelligence; therefore, strengths in areas such as fluid reasoning and crystallized 
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intelligence would lead to higher g-Values and ultimately better overall cognitive ability 

(Flanagan et al., 2013a).  

 For the purposes of this current study, the g-Value, FCC, and ICC were overall 

cognitive scores that were generated for each clinical case in the SLD and non-SLD 

groups even when a total intellectual ability score (e.g., General Intellectual Ability 

[GIA] or Full Scale Intelligence Quotient [FSIQ]) was available for the participant. 

According to Flanagan and colleagues (2013a), the overall intellectual ability scores such 

as the GIA and FSIQ are not entirely reliable and valid estimates of students’ cognitive 

abilities, particularly if they have domain-specific deficits in cognitive skills associated 

with a specific learning disability. These deficits can influence and misrepresent overall 

cognitive ability, so the GIA and FSIQ scores were not used for the X-BASS (Flanagan et 

al., 2013a).  

 The FCC is intended to represent an individual’s strengths to assess differences 

between cognitive and academic weaknesses whereas the ICC represents an individual’s 

overall weaknesses to evaluate consistencies between cognitive and academic 

weaknesses (Flanagan et al., 2013a; Ortiz et al., 2015). The X-BASS software was 

designed to generate both the FCC and ICC using formulas that include median inter-

correlations and reliabilities among the CHC composites; the coefficients used to 

compute the inter-correlations and reliabilities were gathered by Ortiz et al. from the 

technical manuals of cognitive test batteries and assessments and used for within-battery 

and cross-battery factor analyses (2015). The FCC is denoted in green (i.e., when it is  

90 and the g-Value is  .60), yellow (i.e., when it is 85-89 or the g-Value is .51-.59), and 
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red/Not Applicable (i.e., when it is < 85 or the g-Value is  .50; Flanagan et al., 2013a; 

Ortiz et al., 2015).  

 As alluded to above, the FCC and ICC are used to make predictions about 

cognitive and academic performance and are compared to actual composites generated 

for the individual (Flanagan & Alfonso, 2016; Ortiz et al., 2015). For this study, the FCC 

and ICC were used in the PSW Analyzer for each participant’s data entered and run 

through the X-BASS software. These were used along with specific identified areas of 

cognitive and academic weaknesses in regression formulas and predicted differences to 

compare to overall cognitive strengths (Flanagan et al., 2013a; Ortiz et al., 2015). The 

comparison between the cognitive weakness and academic weakness should represent a 

non-significant difference between scores (i.e., consistency) whereas the comparisons 

between cognitive strengths and weaknesses and between cognitive strengths and 

academic weaknesses should represent significant differences between scores (i.e., dual 

discrepancy; see Figure 3.2; Flanagan et al., 2013a; Ortiz et al., 2015). 

 The X-BASS uses the FCC and ICC in regression-based formulas to identify 

academic weaknesses and deficits; the regression formulas are based on the predicted-

difference method (Flanagan et al., 2013a). That is, an overall cognitive ability score 

(e.g., FCC) is used to predict achievement scores using regression formulas derived from 

the standardization sample (Flanagan et al., 2013a). The individual’s actual obtained 

score and the predicted achievement score are compared to determine statistical 

significance (p < .05), which would indicate unexpected underachievement (Flanagan et 

al., 2013a). The FCC determines whether the size of the difference between it and the 
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identified cognitive and academic weaknesses is infrequent or uncommon in the general 

population (i.e., such differences would occur only 5% of the time; Ortiz et al., 2015).   

 When the FCC is used as the predictor, a difference is calculated within the PSW 

Analyzer between the actual and predicted academic performance (Flanagan & Alfonso, 

2016; Ortiz et al., 2015). If the difference equals or exceeds the critical value generated 

by the level of the significance, the PSW Analyzer denotes the size of the difference as 

unusual and infrequent, which indicates underachievement (Flanagan & Alfonso, 2016; 

Ortiz et al., 2015). Likewise, the FCC is also used as a predictor for the individual’s 

cognitive performance in the PSW Analyzer (Flanagan & Alfonso, 2016; Ortiz et al., 

2015).  If the size of the difference between the actual and predicted cognitive 

performance equals or exceeds the critical value, the difference is determined to be 

statistically significant (Ortiz et al., 2015). The PSW Analyzer also allows the examiner 

to use the ICC as the default measure of cognitive weakness or a different weakness can 

be selected from the drop-down menu; similarly, the first academic weakness listed can 

be used for analyses as the default selection, but other measures of academic performance 

can be selected from the drop-down menu (Ortiz et al., 2015). These first two analyses 

and calculations are illustrated in Figure 3.2 to denote significant discrepancies between 

an individual’s cognitive strengths and cognitive and academic weaknesses as described 

by Flanagan and colleagues (2013a).  

 In order to compute the third and final analysis in the PSW Analyzer, the selected 

cognitive (e.g., ICC) and academic weakness or deficit are compared to determine if there 

is a non-significant difference that indicates a consistent below average relationship in the 
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DD/C PSW model (Flanagan et al., 2013a; Ortiz et al., 2015). The PSW Analyzer verifies 

that both the cognitive and academic area selected are true normative weaknesses and 

whether or not there is an empirically-based relationship associated with the cognitive 

and academic domains (e.g., auditory processing and reading decoding; Flanagan et al., 

2013a). The PSW Analyzer uses specific score ranges to determine if there is an aptitude-

achievement consistency in the individual’s performance (Flanagan et al., 2013a; 

Flanagan & Alfonso, 2016). If both scores are less than 85, a consistent relationship has 

been found; however, if both scores are greater than or equal to 90, a consistent 

relationship is not noted (Flanagan et al., 2013a; Flanagan & Alfonso, 2016). If both the 

cognitive and academic scores fall in the 85-89 range or if one of the scores is less than 

85 and the other score is greater than or equal to 90, the PSW Analyzer flags that there is 

a “possible” relationship, but the examiner should use clinical judgment (Flanagan et al., 

2013a; Flanagan & Alfonso, 2016). If one score is less than 85 and the other falls in the 

85-89 range, the PSW Analyzer notes a “likely” relationship, but if one score falls in the 

85-89 range and the other is greater than or equal to 90, the system notes an “unlikely” 

consistent relationship (Flanagan et al., 2013a; Flanagan & Alfonso, 2016). This last 

calculation is demonstrated in Figure 3.2 above for the two bottom ovals.  

 For this current study, each participant’s respective data were reviewed using the 

XBA, Data Summary, S/W Indicator, and PSW Analyzer to determine if his/her 

performance scores indicated SLD or non-SLD group membership. The determinations 

by the X-BASS software were recorded for each case in the original and imputed data 

sets. Of note, various combinations of cognitive strengths, cognitive weaknesses, and 
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academic weaknesses were selected from the drop-down menus in the PSW Analyzer tab 

in addition to the FCC and ICC to determine if at least a single SLD was identified in 

order to record a resulting identification label for each case (i.e., SLD or non-SLD). 

When the participant’s performance data truly reflected a pattern of strengths and 

weaknesses similar to that of a SLD as delineated by the DD/C model, the PSW Analyzer 

marked all three relationships among cognitive strengths, cognitive weaknesses, and 

academic weaknesses as “Yes” to indicate significant, discrepant and non-significant, 

consistent relationships (see Figure 3.2; Flanagan et al., 2013a; Ortiz et al., 2015). The X-

BASS software also provided general determinations, interpretations, and 

recommendations in the PSW Analyzer tab for each case’s data in a narrative format 

(Ortiz et al., 2015).  For this current study, when a case was marked as “Possibly, use 

clinical judgment” for a SLD because it did not fulfill all of the criteria for the X-BASS, 

“2” was used as the numerical code secondary to SLD or non-SLD group codes for that 

particular case.  

Data Analysis  

Descriptive Statistics  

 Descriptive statistics were computed using IBM SPSS (v.24) to provide additional 

information about the participants in the current study. Demographic and categorical data 

for the clinical SLD and non-SLD cases are provided in Chapter 4. More specifically, 

descriptive statistics were computed for both the original and imputed data sets. In 

addition, the standardized, quantitative assessment variables for cognitive, academic, and 

executive functioning were recorded for each case in SPSS (v.24) with their 
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corresponding means and standard deviations (see Chapter 4). Initially, data was screened 

to ensure that there were no data entry errors by running the minimum and maximum 

values for each variable (Meyers, Gamst, & Guarino, 2013b).  

 Overall means, standard deviations, and frequencies were calculated for all 

relevant variables. Frequencies were specifically computed to determine the percentage 

of SLD and non-SLD diagnoses recorded from the results of data entry in the two PSW 

models. Descriptive data was generated for both the original and imputed data sets to 

determine frequencies and proportions of both quantitative and categorical data variables 

(Graham, 2009). 

Imputation  

  Data from an existing data set were used to pull cases and variables to run 

through both PSW models; however, resulting identification labels provided for each case 

(i.e., SLD or non-SLD) determined by each PSW model were recorded in both the 

original and imputed new data sets as the dependent/outcome variable for statistical 

analysis in SPSS (v.24). Imputation was not conducted for the original data set, which 

resulted in missing data for 100% of the assessment variables across participants. That is, 

roughly 50% of the values were missing from the original data set. As such, not every 

case in the original data set had a resulting identification label data point recorded and 

used in the follow-up statistical analyses.  

 Considering that the practitioners who completed the comprehensive evaluations 

most likely administered various assessments to answer the referral question for each 

case, it was presumed that the same data variables would not be available for every case 
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in the original data set. Consequently, missing data in the imputed data set was replaced 

using multiple imputation (MI) prior to cases being run the second time through both 

PSW models. Considering that both of the PSW models in the current study used a 

version of hypothesis testing to accurately identify a SLD, multiple imputation was a 

recommended strategy for the missing data (Graham, 2009). There was then data 

available for each primary, standardized assessment variable selected that were then run 

through the X-BASS software and C-DM calculations within the imputed data set.  

 Since PSW models typically account for and/or require an individual’s 

performance in multiple areas to determine cognitive and academic strengths and 

weaknesses, it was important that clinical cases had complete data present or 

replaced/imputed (i.e., in the imputed data set). Prior to the imputation, the initial data 

pulled from the extant data set (i.e., the original data set) was screened for patterns of 

missingness in SPSS (v.24). More specifically, a Missing Value Analysis (MVA) was 

generated to examine missing data patterns to determine if multiple imputation for 

missing data values could be appropriately used in the current study (Meyers et al., 

2013b). The MVA determined that the data within the original data set was fortunately 

missing completely at random (MCAR), which allowed imputation to be successfully 

completed (see Chapter 4). When data is determined to be missing completely at random 

(MCAR) or missing at random (MAR), then imputation methods can be used to replace 

or estimate missing data values for participants (Meyers et al., 2013b).  

 Multiple imputation is typically characterized by three steps: (1) imputation, (2) 

analysis, and (3) pooling (Enders, 2010). Multiple copies of the original data set were 
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created during the initial imputation phase, and each copy provided different estimated 

values for the missing data (Enders, 2010; Meyers et al., 2013b). One of the goals of 

multiple imputation in the current study was to replace missing data in order for cases to 

be run through both PSW models; the multiple imputation also introduced error into the 

analysis by creating multiple copies of the single data set (Graham, 2009). When the 

missing data were essentially given values, population estimates for a model were then 

generated (i.e., the estimated mean and variance should be close to the true population 

mean and variance; Graham, 2009).  

 During the analysis phase, the missing data were used to compute model 

parameters and summary statistics (Enders, 2010; Meyers et al., 2013b). Finally, the 

parameter estimates were combined to create a set of imputed missing values during the 

pooling phase (Enders, 2010; Meyers et al., 2013b). In an effort to maintain appropriate 

power within the current study and due to the amount of missingness, the recommended 

number of imputation copies or iterations was set to five (i.e., recommended m = 3 to 5 

for research within social sciences; Graham, 2009). Instead of using the final iteration set, 

it was determined that averaging the values across the five iterations was more 

appropriate since there was low reliability across the sets and specific assessment 

variables when each was compared to the original data set.  

Cross-Tabulation Analysis  

 After case data from both the original data set and the imputed data set was run 

through the X-BASS software and the C-DM calculations, it was necessary to initially 

organize the results in a cohesive manner to determine data trends and frequencies. As 
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such, contingency tables or cross-tabulation analyses were generated in SPSS (v.24) for 

each data set in order to organize the results of two categorical variables that were used 

for comparing the accuracy of SLD identification (Field, 2013a). Cross-tabulation results 

provided frequencies as counts and percentages of the number of cases that fell into 

individual sub-categories and total amounts (Field, 2013a). Cross-tabulation also allowed 

sensitivity and specificity to be determined in terms of the number of cases accurately 

identified as SLD and non-SLD, respectively (i.e., hit rates for true positives and true 

negatives; McGill et al., 2016). For the current study, the first categorical variable was 

the PSW model used for the particular case data (i.e., with two levels representing the X-

BASS and the C-DM) to determine the rows in the contingency table; the second 

categorical variable was the resulting identification label for the case from each PSW 

model (i.e., with two levels for SLD or non-SLD group membership) to determine the 

columns in the table. The contingency tables for the original and imputed data sets were  

2 x 2, which generated four sub-categories of data with the percentages totaling 100.  

 Data for the cross-tabulation analysis was numerically coded in the data sets for 

the categorical variables (Field, 2013a). It is worth noting that the initial diagnosis for 

each case (e.g., SLD or non-SLD) provided by the practitioners from the comprehensive 

evaluations was used as a layer variable in a follow-up cross-tabulation analysis in an 

effort to further examine the data and determine the number of correct and incorrect 

impressions by each PSW model (Field, 2013a). This helped to further parcel out the data 

results for interpretation by analyzing the number of cases that fell within the various 

sub-categories. In other words, the follow-up contingency tables with the layer variable 
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of initial diagnosis accounted for allowed the two PSW models to be compared to each 

other (i.e., determine their accuracy for correctly classifying each case compared to its 

original group membership).  

 In addition to generating the contingency tables, a Pearson’s chi-square (2) test 

was generated for the original and imputed data sets to determine if there was a 

relationship between which PSW model was used for case data and the resulting 

identification label (Field, 2013a). Since both the independent/predictor (i.e., PSW 

model) and dependent/outcome variables (i.e., identification label) were categorical and 

mutually exclusive, a chi-square test for independence was appropriate to use to 

determine if a relationship existed between the type of PSW model used to analyze case 

data and the resulting SLD or non-SLD identification (Field, 2013a). The chi-square test 

compared the observed frequencies from the sub-categories to expected frequencies of 

those sub-categories expected by chance (Field, 2013a). To determine the effect size, 

Cramer’s V (i.e., statistic describing the strength of the relationship between PSW model 

and identification label) and odds ratios were generated (Field, 2013a). 

 Assumptions. Cross-tabulation analysis was the non-parametric statistic of choice 

for the current study (Field, 2013a). Although there are fewer assumptions for non-

parametric statistical tests in general, including no assumptions about the population, 

there were still data requirements that needed to be met. The categorical data used in the 

current study were classified at the nominal level (Field, 2013a). Additionally, participant 

case data sampled were independent of each other (i.e., independent observations) and 

contributed to only one cell in the contingency tables (i.e., sub-category; Field, 2013a). 
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There were also a minimum of five cases or data points for each sub-category in the 2 x 2 

contingency tables for the expected frequencies in a chi-square test for the imputed data 

set (Field, 2013a). Each of these assumptions were examined for the original and imputed 

data sets as a part of the statistical analysis.  

 Power analysis. In order to successfully cross-validate the identification results 

from the two PSW models and achieve a moderate effect size, the above statistical test 

requires 100 total participants or case data. According to Cohen, statistical analyses with 

two or more groups need to have an appropriate sample size (i.e., N) for each group; if 

the degrees of freedom ranges from one to two, there need to be at least 87 to 107 clinical 

cases (1992). In order to statistically calculate the power for the study, G*Power 

(v.3.1.9.2; Buchner, Erdfelder, Faul, & Lang, 2007) was used to verify the ideal sample 

size. The level of significance was p = .05, the confidence intervals were set at 95%, and 

the desired power or effect size was at least .3 (i.e., w = .3), which is the minimum for a 

medium effect size for the current study according to Cohen’s conventions for a chi-

square analysis (Cohen, 1992; Field, 2013c).   

Logistic Regression 

 In order to further investigate any trends or differences among the dichotomous, 

categorical variables of PSW model (i.e., X-BASS or C-DM), initial diagnosis (i.e., SLD 

or non-SLD) and identification label (i.e., SLD or non-SLD), a logistic regression was 

performed in addition to the cross-tabulation and chi-square analysis for the original and 

imputed data sets. Logistic regression was used because there were multiple categorical 

variables in the independent/predictor or dependent/outcome variable roles that could not 
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be fully represented in a chi-square analysis (Field, 2013a). It also was a useful analysis 

for predicting group membership and estimating the likelihood of the outcome variable 

categories occurring based on the independent variables in a study (Field, 2013a). SPSS 

(v.24) performed the analysis by generating a prediction equation similar to that of linear 

regression (Meyers et al., 2013a). For this current study, a binary logistic regression was 

run for the original and imputed data sets since the outcome variable (i.e., identification 

label) only had two categories (i.e., SLD or non-SLD; Meyers et al., 2013a).  

 The PSW model variable served as the predictor variable with the two categories 

of X-BASS and C-DM coded as “1” and “0” in both data sets, respectively. In order to 

use a logistic regression analysis, it was necessary to designate one of the predictor 

categories for the PSW model variable as the focus category even though both were 

equally relevant to the study’s purpose (Meyers et al., 2013a). During the initial phase of 

the current study in which cases were run through each PSW model, the type of model 

used may have been related to or predictive of whether or not a case was identified as 

SLD or non-SLD; that is, the X-BASS and/or the C-DM may have more or less 

influenced the chances or the odds of the SLD identification label occurring or not 

occurring. In logistic regression, the focus category was compared to the other category 

in what is known as the odds ratio (Meyers et al., 2013a). 

 The outcome/dependent variable was coded in the same way as the predictor; it 

was designated as a dichotomous variable in the binary logistic regression (i.e., “1” and 

“0” codes; Meyers et al., 2013a). The SLD and non-SLD identification labels generated 

for each case from the PSW models served as the outcome variable with cases that were 
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indicative of a SLD coded as “1” for the target/response group and cases that were 

indicative of a non-SLD coded as “0” for the reference/control group (Meyers et al., 

2013a). The target group represented the expected outcome whereas the reference group 

represented the alternative outcome (Meyers et al., 2013a). It was decided that 

identification of SLD was the goal for both PSW models. Coding the outcome variable 

allowed the proportion of coded “1s” to be easily identified in the sample; this process 

aided the logistic regression analysis in predicting group membership for a particular 

participant by computing the probability that he/she was coded as a “1” or identified as a 

SLD group member in this study (Meyers et al., 2013a).  

 In contrast to the linear function in multiple regression, the best-fit line in a 

logistic regression analysis is sigmoidal (i.e., S-shaped; Meyers et al., 2013a). As such, 

case data were predicted to fall near one of the two categories of the outcome variable 

because they could only represent a “1” or “0” instead of a range of predicted y-values or 

outcomes as in linear regression (Meyers et al., 2013a). Since there was not a constant 

relationship between the predictor variables of PSW model (and initial diagnosis in 

follow-up analyses) and the resulting outcome variable of identification label, it was 

better to use these variables as predictors of the probability of a SLD or non-SLD 

occurring in this current study (Meyers et al., 2013a).  

 In the logistic regression analysis performed, the odds of a case represented the 

probability that it was a part of the target SLD group divided by the probability that it 

was not a part of the target SLD group (i.e., the likelihood that the case belonged instead 

to the reference non-SLD group; Meyers et al., 2013a). The logistic regression analysis 
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was run for both the original and imputed data sets with and without initial diagnosis 

included as a predictor variable. That is, the logistic regression analysis was run once 

with just PSW model and identification label as the included variables, and then it was 

run again with initial diagnosis included along with the other two variables to determine 

if any differences in the model appeared for the original and imputed data sets.  

 Logistic regression automatically computed the odds for the two categories of the 

predictor variable(s) selected for analyses (e.g., PSW model and/or initial diagnosis) 

using the following formula: P  (1-P), where P represented the probability of a case 

having the SLD label, and 1 – P represented the probability of a case having the non-SLD 

label (Meyers et al., 2013a). In order to compare the two PSW models and determine if 

there was a difference in SLD identification, the odds ratio was calculated (Meyers et al., 

2013a); that is, the odds of the X-BASS software identifying a case as SLD was divided 

by the odds of the C-DM identifying a case as SLD. When initial diagnosis was also 

entered as a predictor variable in the follow-up logistic regression analysis, an adjusted 

odds ratio was provided for each predictor to signify its influence on the outcome 

variable when the other predictor was statistically held constant (Meyers et al., 2013a).  

 A prediction equation was computed in SPSS (v.24) for the logistic regression 

analyses similar to that of linear regression; the predictors used in the study had raw, 

unstandardized regression coefficients or beta weights (b#) and an overall constant (a) 

calculated for the prediction model through maximum likelihood estimation (Meyers et 

al., 2013a). The logistic regression model also generated a natural log odds function 

between the predictor variable/(s) and the odds of cases coded as “1” or SLD; this was 
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represented by the following standard equation: ln [odds] = a + b1X1 + b2X2 + …bvXv, 

where v represented the number of predictors, and X#  represented each predictor and its 

coded values (i.e., “1” for X-BASS and “0” for C-DM; Meyers et al., 2013a). Although 

the b coefficients indicated the change in log odds of the outcome variable coded as “1”, 

the logistic regression equation did not predict the probability of a case having the SLD 

label identification (Meyers et al., 2013a). That is, the logistic regression equation was 

used in later calculations to provide the predicted probabilities of each participant case.  

 Each participant had a predicted probability computed related to their membership 

in the target group from their log odds in logistic regression; these probabilities were 

generated by taking the log odds equation generated above (i.e., the grouppred value) and 

substituting it into the antilog function:  egroup
pred  (1 + egroup

pred), where e was the 

exponential function with a value of 2.7182 (Meyers et al., 2013a). When the predicted 

probability was greater than or equal to .5, then it was predicted that a particular case fell 

as a member of the target group (SLD group); conversely, if the predicted probability was 

less than .5, then it was predicted that the case was a member of the reference group 

(non-SLD group; Meyers et al., 2013a).  

 Forced entry/standard selection was used for the logistic regression analysis for 

the original and imputed data sets to determine if any differences or improvement in the 

model emerged when one or two predictors (i.e., PSW model and/or initial diagnosis) 

were entered simultaneously. Both independent variables were entered as predictors in 

the model and evaluated to determine if they significantly contributed to the logistic 

regression model using the Wald test of significant coefficients (Meyers et al., 2013a). 
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The goodness of fit for the overall model in terms of accurately predicting group 

membership was also evaluated by examining pseudo R2 statistics that range from -1 to 1 

and describe the amount of variance in the outcome variable explained by the models 

(Meyers et al., 2013a). Additionally, other assessments for goodness of fit were reviewed 

including the -2 log likelihood ratio, omnibus chi-square test for significance, Hosmer 

and Lemeshow’s test for non-significance, and percent of correctly classified predictions 

(see Chapter 4 for results from the logistic regression; Meyers et al., 2013a).  

 Assumptions. In order to perform logistic regression analyses, there were a few 

assumptions that needed to be met within the original and imputed data sets. There could 

not be any perfect multicollinearity among the variables, and the variable categories used 

within the analysis had to be mutually exclusive and cover all the possible outcomes (i.e., 

a case is either classified/identified as SLD or non-SLD with no overlap; Meyers et al., 

2013a). Additionally, all relevant predictor variables had to be included in the analysis 

(i.e., PSW model and initial diagnosis) and dummy coded if they were dichotomous (i.e., 

using 0’s and 1’s with a designated reference/focus group; Meyers et al., 2013a).  

 Similar to the cross-tabulation and chi-square analysis above, there also had to be 

an independence of errors in that each data point was independent of others (Meyers et 

al., 2013a). To ensure appropriate interpretation, it was necessary to have at least 30 

participants for each predictor variable (Meyer et al., 2013a); for the current study, the 

logistic regression was initially run using a single predictor variable (i.e., PSW model), 

and then a follow-up analysis used both predictor variables (i.e., PSW model along with 

initial diagnosis), which entailed at least 30 to 60 cases. The dependent variable also 
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needed to consist of two categories (e.g., SLD or non-SLD) for logistic regression 

(Meyers et al., 2013a). Each of these assumptions was examined for the statistical 

analysis. The targeted research questions for the current study and data analysis are 

reiterated below.    

Research Questions 

1.) Do the PSW models support the diagnostic classification of the sample clinical 

cases determined by practitioners during assessment? Does each method indicate 

the presence or absence of a SLD for each case? 

a. What percentage of SLD cases are accurately identified by the X-BASS 

software as having a SLD?  

b. What percentage of non-SLD cases are accurately identified by the X-

BASS software as not having a SLD?  

c. What percentage of SLD cases are accurately identified by the C-DM as 

having a SLD?  

d. What percentage of non-SLD cases are accurately identified by the C-DM 

as not having a SLD?  

2.) Which PSW model most effectively discriminates between SLD and non-SLD 

groups?  

a. Does the X-BASS software identify the same cases as SLD or non-SLD 

when compared to the initial diagnoses?  

b. Does the C-DM identify the same cases as SLD or non-SLD when 

compared to the initial diagnoses?  
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c. Which PSW model (X-BASS or C-DM) accurately predicts a higher 

proportion of cases for SLD and non-SLD group membership? 

Chapter Summary   

 The current study was intended to examine the SLD identification accuracy of 

two distinct PSW models proposed and used for assessment. The DD/C as 

operationalized by the X-BASS and the C-DM approaches are unique in their underlying 

calculations and identification of specific learning disability. However, both PSW models 

use reliability coefficients and inter-correlations of assessment composites and subtests to 

determine statistically significant relationships among cognitive strengths, cognitive 

weaknesses, and academic weaknesses in an effort to identify profiles characteristic of a 

specific learning disability.   

 One of the strengths of the current study was the inclusion of clinical case data 

with current diagnoses of SLD (or non-SLD) in an effort to maximize the external 

validity of any findings. Both PSW models allow practitioners to use any assessment for 

the case and enter the data into their respective processes. However, in order to determine 

the efficacy of each PSW model, it was necessary to examine how accurately each 

method discriminated between cases that had a previously identified SLD diagnosis from 

those that did not.  

 The additional statistical analysis in the second part of current study was intended 

to compare the discriminate accuracy of each PSW model by using the identification 

labels generated to confirm SLD and non-SLD group membership. That is, the additional 

analyses categorized, described, and determined any significant differences regarding 
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how effective and accurate each PSW model was in identifying a SLD compared to the 

initial diagnoses. The ultimate goal and purpose of this current study was to examine and 

compare how empirically-based PSW models use reliable and valid assessment data to 

analyze various measures of cognitive, academic, and executive functioning that best 

indicate a SLD profile.  
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CHAPTER IV 

RESULTS 

 The purpose of the current study was to compare the validity and utility of two 

third-method PSW models for identifying SLD. More specifically, the C-DM and the X-

BASS approaches were used to run selected clinical case data from SLD and non-SLD 

groups to determine which model more accurately identified a specific learning disability 

in comparison to the initial diagnostic impression given by practitioners after a 

comprehensive evaluation. Prior to running case data through both PSW models, the 

original data set was examined for irregularities and missingness. Any errors in data entry 

or outliers were initially removed (e.g., percentile ranks for standard scores; scaled or 

standard scores outside of typical ranges). After each case was run through both PSW 

models from the original and imputed data sets, descriptive statistics were computed 

using SPSS (v.24). The alpha level for the analyses for the current study was set at  = 

.05, and any p-values greater than .05 were considered non-significant, unless otherwise 

noted.  

Preliminary Analysis 

  According to the Missing Value Analysis, only three of the variables from the 

original data set had a small percentage of missing values (i.e., demographic variables: 

age, ethnicity, and gender at .2%, 2.9%, and .2%, respectively). Most of the assessment 

variables selected and utilized for the current study had approximately 50% or more of 
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the data values missing for each participant. More specifically, the amount of missingness 

for each standardized assessment variable ranged from 29.7% to 79.7%. That is, none of 

the participants had data for all of the selected variables available. However, the missing 

data was determined to be MCAR upon further analysis using Little’s MCAR test (2 = 

9582.67, df = 9781, p = .92), which indicated that the pattern of missingness was non-

significant (i.e., the significance level was greater than .05 as expected by chance). As 

described in Chapter 3, multiple imputation was used to replace any missing case data 

prior to running cases in the imputed data set through both PSW models. The descriptive 

statistics below describe the original and imputed data sets.  

Descriptive Statistics  

 There were a 114 participants between the selected ages of 8 and 17 for the 

current study. However, in the original data set, each participant’s case data – when it 

was available – was run through both the C-DM and the X-BASS in order to produce a 

resulting identification label for each case and PSW model. Since participant data was 

essentially used twice to determine two separate results, there were 104 data points for 

the C-DM and 28 data points for the X-BASS in the original data set (i.e., 79% and 21%, 

respectively). As such, there were a total of 132 data points used for the primary analyses 

in the original data set. In contrast, the imputed data set had all missing data estimated 

and replaced, which resulted in 228 total data points from both PSW models (i.e., 114 

data points each for the C-DM and the X-BASS approach).  

 From the original 114 participants used in both the original and imputed data sets, 

more than half were males (67.5%), two-thirds were Caucasian/European 
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American/White (62.7%), and approximately one-fifth were Hispanic/Latino(a) (20.9%). 

The remaining participants’ ethnicities (16.3%) included Black/African-American, 

Asian-American/Pacific Islander, and Other. Most participants reported their ethnicities 

(96.5%) and were between the ages of 8 and 12 (73.7%), with a smaller percentage of 

students age 13 and older (age variable: M = 10.96; SD = 2.60). There was approximately 

an equal distribution of participants with initial, broad diagnoses of SLD and 

ADHD/autism (54.4% and 45.6%, respectively). Table 5 provides a summary of the 

descriptives for the sample’s demographic variables.  

 Tables 6 through 9 show the frequencies, means, standard deviations, minimums 

and maximums for the cognitive, executive functioning, and academic assessment 

variables for the original and imputed data sets. Interestingly, the highest mean score for 

the cognitive and executive functioning measures was on the Sound Blending subtest (M 

= 104.48, SD = 16.17) from the Woodcock-Johnson Tests of Oral Language, Fourth 

Edition (WJ IV OL; Schrank et al., 2014c), whereas the lowest mean score was on the 

Number-Pattern Matching subtest (M = 81.85, SD = 17.17) from the Woodcock-Johnson 

Tests of Cognitive Abilities, Fourth Edition (WJ IV COG; Schrank et al., 2014a). Of note, 

the data for these subtest variables for the original data set ranged within one standard 

deviation of the mean. The means for the academic achievement subtests in the original 

data set ranged from 81 to 90 with the highest mean score on the Calculation task (M = 

90.00, SD = 16.29) from the Woodcock-Johnson Tests of Achievement – Third Edition 

(WJ III ACH; Woodcock et al., 2005b), whereas the lowest mean score was on the 

Sentence Reading Fluency task (M = 81.42, SD = 15.40) from the  
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Table 5  

Frequencies and Percentages for Age, Gender, Ethnicity, Broad and Specific Diagnoses  

 n % 

Age   

     8 24 21.1 

     9 19 16.7 

     10 17 14.9 

     11 11 9.6 

     12 13 11.4 

     13 7 6.1 

     14 7 6.1 

     15 8 7.0 

     16 6 5.3 

     17 2 1.8 

   

Gender 77 67.5 

     Male 37 32.5 

     Female   

   

Ethnicity   

     Caucasian/European American/White 69 62.7 

     African-American/Black 12 10.9 

     Asian-American/Pacific Islander 1 0.9 

     Hispanic/Latino(a) 23 20.9 

     Other 5 4.5 

     No Ethnicity Provided 4 <0.1 

   

Broad/Initial Diagnosis   

     Specific Learning Disability (SLD) 62 54.4 

     Attention Deficit/Hyperactivity Disorder (Non-SLD) 35 30.7 

     Autism Spectrum Disorder (Non-SLD)  17 14.9 

   

Specific Diagnostic Impressionsa   

      SLD-Reading  45 39.5 

      SLD-Math 8 7.0 

      SLD-Writing 6 5.3 

      ADHD-Inattentive Type 16 14.0 

      ADHD-Hyperactive/Impulsive Type 14 12.3 

      ADHD-Combined Type 5 4.4 

      Autism  13 11.4 

      Asperger’s Disorder 2 1.8 

      Pervasive Developmental Disorder-Not Otherwise Specified 2 1.8 

Note. aThe cumulative percentage may not equal 100 due to a small percentage of cases having multiple 

SLDs. ADHD = Attention Deficit/Hyperactivity Disorder; SLD = Specific Learning Disability  
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WJ IV ACH (Schrank et al., 2014b). The subtest frequencies within the original data set 

are indicative of the missingness reported above, which rendered imputation necessary. 

 The frequencies for all of the standardized subtest variables in the imputed data 

set were 114, so those values are not reported in Tables 8 and 9. As described in Chapter 

3, the alternative variables were not utilized in the imputed data set; only the data for the 

primary assessment variables are reported below. The highest mean score on the 

cognitive and executive functioning subtests for the imputed data set was again on the 

Sound Blending task from the WJ IV OL (Schrank et al., 2014c; M = 104.22, SD = 

12.32), whereas the lowest mean score was on the Coding task (M = 6.86, SD = 2.18) 

from the Wechsler Intelligence Scale for Children – Fourth Edition/Fifth Edition (WISC-

IV/WISC-V; Wechsler, 2003; Wechsler, 2014). The highest mean score on the academic 

achievement subtests for the imputed data set was on Word Attack from the WJ IV ACH 

(Schrank et al., 2014b; M = 91.39, SD = 10.26), whereas the lowest mean score was on 

the Passage Comprehension task from the WJ IV ACH (Schrank et al., 2014b; M = 

84.83, SD = 11.89). It is worth noting that the subtest variable means were generally 

similar between the original and imputed data sets.  

Primary Analysis 

Bivariate Relationships 

 Original data set. As described in Chapter 3, a cross-tabulation analysis using 

Pearson’s chi-square (2) test for independence was conducted for both data sets after 

running each case twice through the C-DM and the X-BASS. The cross-tabulation 

analysis was also conducted to organize the identification label findings and examine any 
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bivariate relationships among the categorical variables: PSW model, initial diagnosis, and 

identification label. The initial cross-tabulation analysis was run on the data from the 

original data set (i.e., the recorded results from the PSW models) with PSW model used 

as a predictor/independent variable.  

 Altogether, 88.6% of the cases were identified as non-SLD while 11.4% of the 

cases were identified as SLD out of the total of 132 data points run through the PSW 

models. When the C-DM was used to run participant case data, 97.1% of the cases were 

classified as non-SLD, whereas 2.9% of the cases were identified as SLD. When the X-

BASS was used to run participant case data, 57.1% were classified as non-SLD, whereas 

42.9% of the cases were identified as SLD. There was a significant association between 

PSW model and whether or not the resulting identification label was SLD, 2 (1, N = 

132) = 34.96, p < .001, V = .52, which represented a medium effect size. The odds ratio 

was also calculated to determine the effect size of this finding. Based on the odds ratio, 

the odds of a participant case being identified as SLD was 25 times higher when the X-

BASS was used compared to when the C-DM was used. Table 10 describes the results 

from the initial cross-tabulation analysis and contingency table.  

 The next cross-tabulation analysis was also run on the cases from the original data 

set, but both PSW model and initial diagnosis were included as predictor/independent 

variables; that is, initial diagnosis was denoted as a layer variable as described in Chapter 

3, and identification label was again selected as the outcome/dependent variable. 

Altogether, 88.6% of all of the 132 data points were classified as non-SLD, while 11.4% 

were identified as SLD. 
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Table 6  

Means and Standard Deviations for Cognitive and Executive Functioning Subtests for Original Data Set 

 

 

 

 

 

 

 

 

 

 

 

  

  

 Note. Min = minimum score obtained for subtest in sample; Max = maximum score obtained for subtest within the sample. 

 

Subtest n M SD Min Max 

WJ IV COG Object-Number Sequencing  39 93.69 13.19 66 121 

WJ IV COG Numbers Reversed 43 88.02 12.92 56 115 

WISC-IV/V Digit Span Forward 47 10.06 13.68 3 17 

WJ III COG NU Incomplete Words 48 91.67 16.26 53 121 

WJ IV OL Sound Blending 48 104.48 16.17 75 151 

NEPSY-II Phonological Processing 43 7.30 3.68 1 15 

WISC-IV/V Coding  65 6.97 2.27 1 14 

WISC-IV/V Symbol Search 66 8.36 2.90 1 17 

WJ IV COG Number-Pattern Matching 53 81.85 17.17 46 127 

WJ IV COG Concept Formation 47 94.11 11.90 58 117 

WJ IV COG Analysis-Synthesis 41 96.49 13.97 54 124 

WISC-IV/V Block Design 58 9.31 2.36 4 14 

WJ III COG NU Spatial Relations 42 95.62 11.19 67 113 

WISC-V Visual Puzzles 20 9.20 2.65 4 14 

WISC-V Picture Completion 27 8.26 2.63 3 13 

WJ III ACH NU Story Recall 41 91.88 13.38 58 110 

WJ IV COG Visual-Auditory Learning 49 85.24 16.22 53 147 

WJ III COG NU Verbal Comprehension 59 92.34 12.28 68 133 

WJ III/IV COG General Information 43 95.23 13.27 58 127 

WISC-IV/V Information 42 8.43 3.18 1 17 

NEPSY-II Animal Sorting Combined 43 8.53 3.13 2 17 

NEPSY-II Auditory Attention: Response Set 64 7.78 3.51 1 14 

NEPSY-II Inhibition-Switching Combined 62 6.84 3.10 1 14 

NEPSY-II Inhibition Combined 48 6.90 3.21 1 19 

WJ IV COG Pair Cancellation 21 90.52 11.65 68 113 

NEPSY-II Auditory Attention 77 7.78 3.80 1 13 
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Table 7  

Means and Standard Deviations for Academic Achievement Subtests for Original Data Set 

Subtest n  M SD Min Max 

WJ III/IV ACH Letter-Word Identification 64 87.00 16.64 47 123 

WJ III/IV ACH Word Attack 47 88.09 12.65 64 123 

WJ III/IV ACH Sentence Reading Fluency  65 85.02 16.28 38 134 

WJ IV ACH Word Reading Fluency 33 81.42 15.40 46 121 

WIAT-III Oral Reading Fluency 31 82.55 13.55 47 108 

WJ III/IV ACH Passage Comprehension 61 85.30 14.58 53 120 

WIAT-III Reading Comprehension 42 83.95 15.88 46 117 

WJ III ACH NU Calculation 47 90.00 16.29 47 135 

WIAT-III Numerical Operations 44 88.70 11.86 66 117 

WIAT-III Math Problem-Solving 37 85.73 12.24 60 109 

WJ III ACH NU Applied Problems 61 89.87 13.65 62 119 

WJ IV ACH Writing Samples 54 86.44 21.93 43 143 

WIAT-III Sentence Completion 30 85.93 14.21 60 112 
Note. Min = minimum score obtained for subtest in sample; Max = maximum score obtained for subtest within the sample. 
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 Table 8 

Means and Standard Deviations for Cognitive and Executive Functioning Subtests for Imputed Data Set 

Note. Min = minimum score obtained for subtest in sample; Max = maximum score obtained for subtest within the sample. 

 

 

 

 

Subtest M SD Min Max 

WJ IV COG Object-Number Sequencing  93.58 11.67 58 123 

WJ IV COG Numbers Reversed 87.22 10.30 56 115 

WJ III COG NU Incomplete Words 94.02 12.75 53 121 

WJ IV OL Sound Blending 104.22 12.32 75 151 

WISC-IV/V Coding  6.86 2.18 1 14 

WISC-IV/V Symbol Search 8.31 2.57 1 17 

WJ IV COG Concept Formation 94.57 10.48 58 118 

WJ IV COG Analysis-Synthesis 94.40 12.44 67 131 

WISC-IV/V Block Design 9.20 2.06 4 14 

WJ III COG NU Spatial Relations 96.80 9.12 67 116 

WJ III ACH NU Story Recall 92.48 12.30 58 119 

WJ IV COG Visual-Auditory Learning 88.21 13.26 53 147 

WJ III COG NU Verbal Comprehension 92.78 10.48 68 133 

WJ III/IV COG General Information 92.19 12.56 58 127 

NEPSY-II Animal Sorting Combined 7.98 2.57 2 17 

NEPSY-II Auditory Attention: Response Set 8.18 3.03 1 14 

NEPSY-II Inhibition Combined 7.55 2.71 1 19 

WJ IV COG Pair Cancellation 89.60 7.22 68 113 

NEPSY-II Auditory Attention 7.69 3.33 1 13 
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Table 9 

Means and Standard Deviations for Academic Achievement Subtests for Imputed Data Set 

Subtest M SD Min Max 

WJ III/IV ACH Letter-Word Identification 88.71 13.43 47 123 

WJ III/IV ACH Word Attack 91.39 10.26 64 123 

WJ III/IV ACH Sentence Reading Fluency  85.65 13.60 38 134 

WJ IV ACH Word Reading Fluency 85.49 10.07 46 121 

WJ III/IV ACH Passage Comprehension 84.83 11.89 53 120 

WIAT-III Reading Comprehension 87.03 11.45 46 117 

WJ III ACH NU Calculation 88.93 13.64 47 135 

WIAT-III Numerical Operations 89.47   8.82 66 117 

WIAT-III Math Problem-Solving 86.59   9.92 60 109 

WJ III ACH NU Applied Problems 89.61 11.54 62 119 

WJ IV ACH Writing Samples 90.58 13.70 43 143 

WIAT-III Sentence Completion 88.52 10.03 60 112 
Note. Min = minimum score obtained for subtest in sample; Max = maximum score obtained for subtest within the sample. 
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Table 10 

Cross-Tabulation Counts for PSW Model and Identification Label for the  

Original Data Set 

 

PSW Model  

Identification Label 

Total Non-SLD SLD 

C-DM 101   3 104 

X-BASS  16 12   28 

Total 117 15 132 

Note. The minimum expected count is 3.18. 1 cell (25%) had an expected count less than 5.  

 For the non-SLD initial diagnosis group, 93.8 % of all of the cases were identified 

as non-SLD while 6.3% of the cases were identified as SLD. However, differences were 

apparent between the PSW models. When the C-DM was used to run participant case 

data, 100% of the cases were classified as non-SLD (i.e., 0% were identified as SLD). 

When the X-BASS was used to run participant case data, 71.4% were classified as non-

SLD, whereas 28.6% of the cases were identified as SLD. For the SLD initial diagnosis 

group, 83.8% of all of the cases were identified as non-SLD while 16.2% of the cases 

were identified as SLD. However, differences were apparent again between the PSW 

models. When the C-DM was used to run participant case data, 94.4% of the cases were 

classified as non-SLD, whereas 5.6% were identified as SLD. When the X-BASS was 

used to run participant case data, 42.9% were classified as non-SLD, whereas 57.1% of 

the cases were identified as SLD. 
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 There were significant associations between PSW model and whether or not the 

resulting identification label was SLD when initial diagnosis was accounted for within 

the non-SLD group, 2 (1, N = 132) = 15.24, p < .001, V = .49, and within the SLD 

group, 2 (1, N = 132) = 21.82, p < .001, V = .57, which again represented medium effect 

sizes. The odds ratios were also calculated for each initial diagnosis group to determine 

the effect size of these findings. Based on the odds ratios, the odds of a participant case 

being identified as SLD with the initial diagnosis of non-SLD was equally likely when 

the X-BASS was used compared to when the C-DM was used. That is, there was not a 

large difference between the two PSW models for the non-SLD group. However, the 

odds of a participant case being identified as SLD with the initial diagnosis of SLD was 

21.17 times higher when the X-BASS was used than when the C-DM was used.  Table 11 

below describes the results from the second cross-tabulation analysis and the contingency 

table for the original data set.  

 Imputed data set. The same procedure above was followed to run the cross-

tabulation analysis to organize the results from the imputed data set; that is, PSW model 

was set as the predictor/independent variable for the rows of the contingency table, and 

identification label was set as the outcome/dependent variable for the columns of the 

contingency table. Altogether, 78.5% of cases were identified as non-SLD while 21.5% 

of cases were identified as SLD out of the total of 228 data points run through the PSW 

models. When the C-DM was used to run participant case data, 96.5% of the cases were 

classified as non-SLD, whereas 3.5% of the cases were identified as SLD. When the X-

BASS was used to run participant case data, 60.5% of cases were classified as non-SLD, 
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whereas 39.5% of the cases were identified as SLD. Table 12 below describes the results 

from the initial cross-tabulation analysis for the imputed data set.  

Table 11 

Cross-Tabulation Counts for PSW Model, Identification Label, and Initial Diagnosis for 

the Original Data Set 

Initial Diagnosis  

Identification Label 

Total Non-SLD SLD 

Non-SLD PSW Model    C-DM  

        

                        X-BASS 

 

  50 

 

  10 

 0 

 

 4 

50 

 

14 

 

 Total  

 

  60  4 64 

SLD PSW Model    C-DM  

        

                        X-BASS 

 

  51 

 

   6 

 3 

 

 8 

54 

 

14 

 Total  

 

  57 11 68 

Total PSW Model    C-DM 

         

                        X-BASS 

 

101 

 

 16 

  3 

 

12 

       104 

 

28 

 Total  

 

117 15        132 

Note. 4 cells (33%) have expected counts less than 5. 

 For the imputed data set, there was a significant association between PSW model 

and whether or not the resulting identification label was SLD, 2 (1, N = 228) = 43.70, p 

< .001, V = .44, which represented a medium effect size. The odds ratio was also 

calculated to determine the effect size of this finding. Based on the odds ratio, the odds of 

a participant case being identified as SLD was 16.25 times higher when the X-BASS was 

used than when the C-DM was used.  
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Table 12 

Cross-Tabulation Counts for PSW Model and Identification Label for the  

Imputed Data Set 

 

PSW Model  

Identification Label 

Total Non-SLD SLD 

C-DM 110            4 114 

X-BASS   69 45 114 

Total 179 49 228 

 

 The next cross-tabulation analysis was also run on the cases from the imputed 

data set, but both PSW model and initial diagnosis were included as 

predictor/independent variables; that is, initial diagnosis was denoted as a layer variable 

as described in Chapter 3, and identification label was again selected as the 

outcome/dependent variable. Altogether, 78.5% of the 228 data points were classified as 

non-SLD, whereas 21.5% were identified as SLD. For the non-SLD initial diagnosis 

group, 80.8 % of all of the cases were identified as non-SLD while 19.2% of the cases 

were identified as SLD. However, differences were apparent between the PSW models. 

When the C-DM was used to run participant case data, 100% of the cases were classified 

as non-SLD (i.e., 0% were identified as SLD) similar to the results of the original data 

set. When the X-BASS was used to run participant case data, 61.5% of cases were 

classified as non-SLD, whereas 38.5% of the cases were identified as SLD. For the SLD 

initial diagnosis group, 76.6% of all of the cases were identified as non-SLD while 23.4% 

of the cases were identified as SLD. However, differences were apparent again between 
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the PSW models. When the C-DM was used to run participant case data, 93.5% of the 

cases were classified as non-SLD, whereas 6.5% of the cases were identified as SLD. 

When the X-BASS was used to run participant case data, 59.7% were classified as non-

SLD, whereas 40.3% of the cases were identified as SLD. 

 There were significant associations between PSW model and whether or not the 

resulting identification label was SLD when initial diagnosis was accounted for within 

the non-SLD group, 2 (1, N = 228) = 27.76, p < .001, V = .49, and within the SLD 

group, 2 (1, N = 228) = 19.85, p < .001, V = .40; both associations represented a medium 

effect size. The odds ratios were also calculated for each initial diagnosis group to 

determine the effect size of these findings. Based on the odds ratios, the odds of a 

participant case being identified as SLD with the initial diagnosis of non-SLD was 

equally likely when the X-BASS was used compared to when the C-DM was used. That 

is, there was not a large difference between the two PSW models for the non-SLD initial 

diagnosis group. However, the odds of a participant case being identified as SLD with the 

initial diagnosis of SLD was 9.71 times higher when the X-BASS was used than when 

the C-DM was used. Table 13 describes the findings from the imputed data set with 

initial diagnosis as the layer variable.  
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Table 13 

Cross-Tabulation Counts for PSW Model, Identification Label, and Initial Diagnosis for 

the Imputed Data Set 

Initial Diagnosis  

Identification Label 

Total Non-SLD SLD 

Non-SLD PSW Model    C-DM  

        

                        X-BASS 

 

52 

 

32 

          0 

 

20 

          52 

 

          52 

 

 Total  

 

84 20 104 

SLD PSW Model    C-DM  

        

                        X-BASS 

 

58 

 

37 

 4 

 

25 

          62 

 

          62 

 Total  

 

95 29 124 

Total PSW Model    C-DM 

         

                        X-BASS 

 

       110 

 

69 

 4 

 

45 

114 

 

114 

 Total  

 

       179 49 228 

 

Logistic Regression 

 Original data set. As described in Chapter 3, a standard binary logistic regression 

was run for the original and imputed data sets to model the binary variable of 

identification label for SLD (using non-SLD as the reference category). The predictor 

variables in the current study were the binary variables of PSW model with X-BASS as 

the focus category and the binary variable of initial diagnosis with SLD as the focus 

category. Two separate logistic regression analyses were run with a single predictor 

(PSW model) and two predictors (PSW model and initial diagnosis) entered 
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simultaneously. The classification predicted probability cut-off value was set at .50. The 

results of the one-predictor model provided a statistically significant prediction of SLD, 

2 (1, N = 132) = 28.04, p < .001. The -2 Log likelihood (-2LL) statistic for goodness-of-

fit for the one-predictor model was 65.43. The Nagelkerke pseudo R2 indicated that the 

one-predictor model accounted for 37.7% of the variance of SLD identification explained 

by the PSW model variable. Classification results based on the cut-off value of .50 for 

predicting membership within the SLD group were relatively high with an overall correct 

prediction rate of 88.6% and a 100% prediction rate for the cases in the non-SLD group 

compared to the cases in the SLD group.  

 Table 14 presents the partial regression coefficients (b), standard errors (SE-b), 

adjusted odd ratios [Exp (B)], the Wald test for significance, and the 95% confidence 

intervals (CI) for the predictor of PSW model. The Wald test indicated that PSW model 

was a statistically significant predictor of label identification. For every one-unit change 

in the predictor variable of PSW model, there was a .04 expected change in the log odds 

for the identification label variable (CI = .010, .156); that is, there was a .04 times greater 

likelihood of predicting an identification label of SLD when the X-BASS was the PSW 

model used.   
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Table 14 

Binary Logistic Regression Results for One-Predictor Model for the Original Data Set 

Model b SE-b Wald df Exp (B) 95% CI 

Intercept   -.288 .382     .568 1 .750 ---- 

PSW Model* -3.229 .699 21.317 1 .040 .010-.156 

Note. The dependent variable was identification label with SLD as the target category and non-SLD as the 

reference category; X-BASS was the focus group of the PSW model variable.  

Nagelkerke R2 = .377 

* p < .05 

 The results of the two-predictor model also provided a statistically significant 

prediction of SLD, 2 (2, N = 132) = 33.12, p < .001. The -2 Log likelihood (-2LL) 

statistic for goodness-of-fit for the two-predictor model was 60.35, which was slightly 

less than that of the one-predictor model. The Nagelkerke pseudo R2 indicated that the 

two-predictor model accounted for 43.7% of the variance of SLD identification explained 

by the PSW model and initial diagnosis variables, which was an improvement compared 

to the one-predictor model. The Hosmer and Lemeshow chi-square test indicated that 

there were no significant differences between the predicted and observed probabilities, 2 

(2, N = 132) = .81, p = .67. That is, the predicted and observed probabilities were similar 

for participants. Classification results based on the cut-off value of .50 for predicting 

membership within the SLD group were relatively high with an overall correct prediction 

rate of 90.2%, which was higher than the one-predictor model. There was a 94.9% 

prediction rate for the participant cases in the non-SLD group, and a 53.5% prediction 

rate for the participant cases in the SLD group. 
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 Table 15 presents the partial regression coefficients (b), standard errors (SE-b), 

adjusted odd ratios [Exp (B)], the Wald test for significance, and the 95% confidence 

intervals (CI) for the predictors of PSW model and initial diagnosis. The Wald test 

indicated that both PSW model and initial diagnosis were statistically significant 

predictors of label identification. For every one-unit change in the predictor variable of 

PSW model, there was a .03 expected change in the log odds for the identification label 

variable (CI = .007, .134), controlling for initial diagnosis; that is, there was a .03 times 

greater likelihood of predicting an identification label of SLD when the X-BASS was the 

PSW model used.  However, for every one-unit change in the predictor variable of initial 

diagnosis, there was a 4.673 expected change in the log odds for the identification label 

variable (CI = 1.121, 19.482), controlling for PSW model; that is, there was a 4.673 times 

greater likelihood of predicting an identification label of SLD when initial diagnosis was 

entered into the logistic regression model, although there was a relatively wide 

confidence interval surrounding this variable estimate.  It is worth noting that the 

regression coefficient for PSW model was higher compared to that of initial diagnosis, 

which suggested that PSW model may have a more significant impact on accurate SLD 

label identification and prediction compared to the initial diagnosis given to case 

participants by the practitioners.  
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Table 15 

Binary Logistic Regression Results for Two-Predictor Model for the Original Data Set 

Model b SE-b Wald df Exp (B) 95% CI 

Intercept -1.103 .578 3.638 1        .332 ---- 

PSW Model* -3.469 .743    21.797 1        .031  .007-.134 

Initial Diagnosis* 1.542 .728 4.480 1 4.673 1.121-19.482 

Note. The dependent variable was identification label with SLD as the target category and non-SLD as the 

reference category; X-BASS was the focus group of the PSW model variable.  

Nagelkerke R2 = .437 

* p < .05 

 Imputed data set. Similar to the analysis of the original data set above, two 

separate logistic regression analyses were run with a single predictor (PSW model) and 

two predictors (PSW model and initial diagnosis) entered simultaneously for the recorded 

results from the imputed data set. The classification predicted probability cut-off value 

was set at .50. The results of the one-predictor model provided a statistically significant 

prediction of SLD, 2 (1, N = 228) = 49.70, p < .001. The -2 Log likelihood  

(-2LL) statistic for goodness-of-fit for the one-predictor model was 187.60. The 

Nagelkerke pseudo R2 indicated that the one-predictor model accounted for 30.3% of the 

variance of SLD identification explained by the PSW model variable. Classification 

results based on the cut-off value of .50 for predicting membership within the SLD group 

were relatively high with an overall correct prediction rate of 78.5% and a 100% 

prediction rate for the participant cases in the non-SLD group compared to the cases in 

the SLD group.  
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 Table 16 presents the partial regression coefficients (b), standard errors (SE-b), 

adjusted odd ratios [Exp (B)], the Wald test for significance, and the 95% confidence 

intervals (CI) for the predictor of PSW model. The Wald test indicated that PSW model 

was a statistically significant predictor of label identification. For every one-unit change 

in the predictor variable of PSW model, there was a .06 expected change in the log odds 

for the identification label variable (CI = .019, .162); that is, there was a .06 times greater 

likelihood of predicting an identification label of SLD when the X-BASS was used. 

Table 16 

Binary Logistic Regression Results for One-Predictor Model for the Imputed Data Set 

Model b SE-b Wald df Exp (B) 95% CI 

Intercept    -.427 .192      4.976 1 .652 ----- 

PSW Model* -2.887 .544 28.171 1 .056 .019-.162 

Note. The dependent variable was identification label with SLD as the target category and non-SLD as the 

reference category; X-BASS was the focus group of the PSW model variable.  

Nagelkerke R2 = .303 

* p < .05 

 The results of the two-predictor model for the imputed data set also provided a 

statistically significant prediction of SLD, 2 (2, N = 228) = 50.41, p < .001. The -2 Log 

likelihood (-2LL) statistic for goodness-of-fit for the two-predictor model was 186.89, 

which was slightly less than that of the one-predictor model. The Nagelkerke pseudo R2 

indicated that the two-predictor model accounted for 30.7% of the variance of SLD 

identification explained by the PSW model and initial diagnosis variables, which was 

relatively similar to the variance of the one-predictor model. That is, there was not a large 

difference when the additional predictor variable of initial diagnosis was added to the 
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model. Furthermore, the Hosmer and Lemeshow chi-square test indicated that there were 

no significant differences between the predicted and observed probabilities, 2 (2, N = 

228) = 2.94, p = .23. That is, the predicted and observed probabilities were similar for 

participants. Classification results based on the cut-off value of .50 for predicting 

membership within the SLD group were again relatively high with an overall correct 

prediction rate of 78.5% and 100% correct prediction rate for the cases in the non-SLD 

group, which was similar to that of the one-predictor model.  

 Table 17 presents the partial regression coefficients (b), standard errors (SE-b), 

adjusted odd ratios [Exp (B)], the Wald test for significance, and the 95% confidence 

intervals (CI) for the predictors of PSW model and initial diagnosis for the results of the 

imputed data set. The Wald test indicated that PSW model was again a statistically 

significant predictor of label identification; however, initial diagnosis was not a 

significant predictor (p = .398). For every one-unit change in the predictor variable of 

PSW model, there was a .06 expected change in the log odds for the identification label 

variable (CI = .019, .161), controlling for initial diagnosis; that is, there was a .06 times 

greater likelihood of predicting an identification label of SLD when the X-BASS was the 

PSW model used. It is worth noting that the regression coefficient for PSW model was 

again higher compared to that of initial diagnosis, which suggested that PSW model may 

have a more significant impact on accurate SLD label identification and prediction 

compared to the initial diagnosis given to case participants by the practitioners.  
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Table 17 

Binary Logistic Regression Results for Two-Predictor Model for the Imputed Data Set 

Model b SE-b Wald df Exp (B) 95% CI 

Intercept*  -.597 .280      4.549 1 .551 ---- 

PSW Model*  -2.895 .545 28.259 1 .055    .019-.161 

Initial Diagnosis     .307 .363         .714 1     1.359 .667-2.769 

Note. The dependent variable was identification label with SLD as the target category and non-SLD as the 

reference category; X-BASS was the focus group of the PSW model variable.  

Nagelkerke R2 = .307 

* p < .05 

Additional Findings  

 The X-BASS software identified 7 cases as “Possibly, use clinical judgment” for 

SLD (i.e., 6.1%) within the original data set and 22 cases as “Possibly, use clinical 

judgement” for SLD (i.e., 9.6%) within the imputed data set; these cases were 

appropriately assigned to the non-SLD or SLD groups with the appropriate codes as 

described in Chapter 3 in order to be included in the follow-up statistical analyses.  

Research Questions 

Initial Questions 

1.) Do the PSW models support the diagnostic classification of the sample clinical 

cases determined by practitioners during assessment? Does each method indicate 

the presence or absence of a SLD for each case? 

a. What percentage of SLD cases are accurately identified by the X-BASS 

software as having a SLD?  
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b. What percentage of non-SLD cases are accurately identified by the X-

BASS software as not having a SLD?  

c. What percentage of SLD cases are accurately identified by the C-DM as 

having a SLD?  

d. What percentage of non-SLD cases are accurately identified by the C-DM 

as not having a SLD?  

 The original and imputed data sets initially had 54.4% of cases classified as SLD 

(N = 62) and 45.6% of cases classified as non-SLD (N = 52) based on the initial, broad 

diagnostic impressions of practitioners. Although there were 114 cases altogether in the 

original data set, 104 cases received identification labels based on the C-DM, and 28 

cases received identification labels using the X-BASS software. That is, there was not 

enough assessment data available for some of the cases to successfully be used in the C-

DM calculations or run through the X-BASS software. The C-DM identified more non-

SLD cases than SLD cases from the original data set; that is, 101 cases were identified as 

non-SLD (97.1%), and 3 cases were identified as SLD (2.9%). These findings varied 

considerably from the initial diagnostic impressions. In contrast, the X-BASS identified 

16 cases as non-SLD (57.1%) and 12 cases as SLD (42.9%). Although the X-BASS may 

have overestimated non-SLD cases and underestimated SLD cases, its findings were 

more similar to the initial diagnostic impressions when compared to the C-DM. As such, 

the C-DM tended to overestimate the proportion of non-SLD cases more than the X-

BASS did.  
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Subsequent Questions  

2.) Which PSW model most effectively discriminates between SLD and non-SLD 

groups?  

a. Does the X-BASS software identify the same cases as SLD or non-SLD 

when compared to the initial diagnoses?  

b. Does the C-DM identify the same cases as SLD or non-SLD when 

compared to the initial diagnoses?  

c. Which PSW model (X-BASS or C-DM) accurately predicts a higher 

proportion of cases for SLD and non-SLD group membership? 

 Original data set. When cases within initial diagnoses of non-SLD from the 

original data set were examined, the majority of the data points were identified as non-

SLD by the PSW models when there was enough assessment data available for cases; 60 

cases were designated as non-SLD (93.8%), whereas 4 cases were classified as SLD 

(6.3%). Both the C-DM and the X-BASS identified the majority of their cases as non-

SLD for this group as well; in fact, the C-DM identified all 50 of its cases as non-SLD 

(100%), and the X-BASS classified 10 of its cases as non-SLD (71.4%). Therefore, both 

PSW models identified a higher percentage of cases with initial diagnoses of non-SLD as 

falling into the non-SLD category within the original data set.  

 However, when cases with initial diagnoses of SLD from the original data set 

were examined, the majority of the data points were identified as non-SLD by the PSW 

models when there was enough assessment data available for cases; 11 cases were 

identified as SLD (16.2%), and 57 cases were classified as non-SLD (83.8%). The C-DM 
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identified only 3 of its data points as SLD (i.e., 5.6% out of 54 cases). The X-BASS 

classified 8 of its data points as SLD (i.e., 57.1% out of 14 cases). Although the X-BASS 

was slightly better at correctly identifying SLD cases from the original data set, both 

PSW models were better at identifying non-SLD cases compared to the initial diagnoses.  

 Imputed data set. When cases with the initial diagnosis of non-SLD from the 

imputed data set were examined, the majority of the data points were identified as non-

SLD by the PSW models; 84 cases were designated as non-SLD (80.8%), whereas 20 

cases were classified as SLD (19.2%). Both the C-DM and the X-BASS designated the 

majority of their cases as non-SLD within this group as well; that is, the C-DM again 

identified all 52 of its data points as non-SLD (100%), while the X-BASS classified 32 of 

its data points as non-SLD (61.5%). Both PSW models identified a higher percentage of 

cases with initial diagnoses of non-SLD as falling into the non-SLD category similar to 

findings from the original data set.  

 In contrast, when cases with initial diagnoses of SLD from the imputed data set 

were examined, the majority of the data points were identified as non-SLD by the PSW 

models; 29 cases were identified as SLD (23.4%), whereas 95 cases were identified as 

non-SLD (76.6%). The C-DM designated only 4 cases as SLD (i.e., 6.5% out of 62 

cases), while the X-BASS classified 25 cases as SLD (i.e., 40.3% out of 62 cases). 

Similar to the results from the original data set, the X-BASS identified a higher 

proportion of SLD cases, but both PSW models seemed to be better at identifying cases 

as non-SLD compared to the initial diagnoses.  
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Chapter Summary 

 The purpose of this section was to describe the results from the statistical analysis 

in the current study. Running clinical case data through both PSW models for two data 

sets was intended to provide the categorical data to examine within the statistical 

analysis. More specifically, the statistical analyses conducted were used to compare the 

discriminate accuracy of each PSW model by using the identification labels generated 

and recorded to confirm SLD and non-SLD group membership. That is, the additional 

analyses of cross-tabulation, chi-square test of independence, and logistic regression were 

conducted to describe and categorize the original and imputed data as well as determine 

any significant differences regarding how effective and accurate each PSW model was in 

identifying a specific learning disability compared to the initial diagnosis given by 

practitioners.  

 The results of the cross-tabulation analysis and chi-square test for independence 

indicated that the C-DM and the X-BASS did not differ significantly when identifying 

cases with initial diagnoses of non-SLD. Both PSW models were able to discern case 

profiles and assessment data indicative of non-SLD but to varying degrees. However, the 

statistical analyses above did indicate apparent differences for the identification of SLD 

for cases with actual clinical diagnoses of SLD. The X-BASS was more likely than the C-

DM to accurately determine a higher proportion of SLD cases. This finding remained 

unchanged for both the original and imputed data sets. 

 The results of the logistic regression analyses indicated that both PSW models 

were better at predicting and identifying non-SLD cases within the original and imputed 



120 
 

data sets. Therefore, the PSW model used influenced the identification of non-SLD cases. 

Initial diagnosis and PSW model were both influential predictors of SLD identification 

within the original data set. However, only PSW model was a significant predictor of 

SLD identification within the imputed data set. These statistical analyses suggested that 

depending on which PSW model was used, the prediction and identification of a SLD 

varied.   
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CHAPTER V 

DISCUSSION 

 The purpose of this research study was to examine and compare two patterns of 

strengths and weaknesses models in terms of their accuracy in identifying a specific 

learning disability. Specifically, the discriminate validity of Hale’s C-DM (Hale & 

Fiorello, 2004; Hale et al., 2011) and Flanagan’s DD/C model (Flanagan et al., 2013a) 

was assessed to determine if either or both methods successfully determined the presence 

or absence of a specific learning disability based on clinical case assessment data. The 

underlying theoretical orientation and operationalization for each PSW model was also 

analyzed in an effort to attribute any differences in the resulting identification of cases.  

Purpose and Goals of the Research Study  

 One of the goals for the current study was to determine whether or not each PSW 

model, the C-DM approach or the DD/C model operationalized by the X-BASS, could 

accurately identify assessment profiles with cognitive, academic, and executive 

functioning data similar to that of a specific learning disability. Although 

neuropsychological and cognitive relationships with academic skills have been reviewed 

and researched in the literature (McGrew & Wendling, 2010), there has been less 

research dedicated to the validity of proposed PSW models and their accuracy in 

identifying specific learning disabilities (Stuebing et al., 2012). Federal and state 
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legislation and regulations describe a SLD as the product of related cognitive and 

academic skill deficits in which the individual displays unexpected underachievement 

despite overall expected or above expected cognitive functioning (Sotelo-Dynega et al., 

2011). The Individuals with Disabilities Education Improvement Act (IDEA, 2004; U.S. 

Department of Education, 2004) has stipulated that specific learning disability can be 

identified using one of the following methods: (1) an aptitude-achievement discrepancy 

model, (2) a response-to-intervention framework, or (3) an alternative, research-based 

third- method (e.g., PSW models).  

 Furthermore, Hale’s C-DM and Flanagan’s DD/C model operationalized by the 

X-BASS software rely on the analysis of three relationships to determine statistically 

significant or non-significant differences among related cognitive strengths, cognitive 

weaknesses, and academic weaknesses (Flanagan et al., 2013a; Hale & Fiorello, 2004; 

Hale et al., 2011). The premise of most PSW models entails knowledge and analysis of 

empirically-supported relationships of cognitive and academic abilities (Flanagan et al., 

2013a; Hale & Fiorello, 2004; Hale et al., 2011). There is evidence in the literature that 

emphasizes the association and influences of cognitive processes and functioning with 

specific academic deficits characteristic of SLD (Flanagan, Alfonso, & Mascolo, 2011; 

Stuebing et al., 2012). The neuropsychological and cognitive processes involved with 

SLD need to be formally assessed and evaluated during identification and diagnosis in 

order to make determinations for the three relationships within the PSW framework 

(Stuebing et al., 2012).  
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 Another goal of the current study was to determine the proportion of cases that 

were accurately identified as SLD or non-SLD by the PSW models of interest 

individually before comparing the two models. Data from the original and imputed data 

sets were used to generate the resulting identification labels for the selected cases run 

through the C-DM and the X-BASS. The proportion of identified SLD and non-SLD 

cases was also compared to the initial diagnoses given by the practitioners to determine if 

either PSW model over- or under-identified SLD. A summary of the study’s findings, 

conclusions, implications, limitations, and future directions are described in detail below.  

Summary of Findings 

Preliminary Analyses 

 The preliminary analyses were performed in an effort to describe the clinical case 

sample that comprised the original and imputed data sets, to determine the amount of 

missingness of the standardized assessment variables selected for the PSW models, and 

to review the statistical information for the standardized assessment variables utilized for 

participants. The analyses indicated that the selected assessment variables were MCAR, 

which warranted and permitted the use of multiple imputation to create the second data 

set. The original data set included a sample of 114 participants with two-thirds identified 

as males. Within the population of children eligible for special education services, males 

typically have learning and behavioral disorders at a higher rate than females do 

(Coutinho & Oswald, 2005). Even though gender differences and the manifestation and 

prevalence of disorders was not the purpose of this current study, the gender composition 
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within the study’s sample mirrors that of children within special education, particularly 

for the SLD population (APA, 2013).  

 Although there was a diverse mix of ethnicities in the sample selected, the 

majority of participants were identified as Caucasian/European American/White and 

Hispanic/Latino(a). Given that the most recent United States census data indicated that 

these two groups represent the largest and second largest racial/ethnic groups in the 

country, respectively, the above sample findings were sensible (U.S. Census Bureau, 

2017). More than half of the sample fell within the age range of 8 to 10 even though the 

ages of participants in the sample ranged from 8 to 17. Most students with learning 

disabilities are identified during third or fourth grade due to increased school demands, 

which aligns with the findings of the study’s sample (Maki et al., 2015; Sotelo-Dynega et 

al., 2011). 

 Furthermore, the broad diagnostic groups used to select participants based on the 

diagnostic impressions of the practitioners who completed the comprehensive evaluations 

were SLD (i.e., members of the SLD group), ADHD (i.e., members of the non-SLD 

group), and ASD (i.e., members of the non-SLD group). There were slightly more SLD 

cases than non-SLD cases within the sample. Given that SLD represents the largest 

diagnostic and eligibility group served within special education (i.e., 35%; U.S. 

Department of Education, 2016), it was reasonable that there were slightly more 

participants in the SLD group within the current study’s sample. In addition, there were 

twice as many ADHD cases as autism cases in the sample, which aligns with prevalence 

rates within the United States (APA, 2013). Nonetheless, the overall number of cases 
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within the SLD and non-SLD groups was relatively equal. Moreover, the breakdown of 

the SLD, ADHD, and Autism initial diagnoses revealed that the majority of the cases 

were identified as SLD in reading, ADHD-inattentive type, and ASD, respectively. It was 

not surprising that most of the SLD cases had a reading subtype primarily because 

reading disorders represent the majority of specific learning disabilities compared to math 

and writing, which are less common (Feifer, 2011).  

 The standardized assessment variables were primarily selected from the 

Woodcock-Johnson, Third Edition Normative Update battery of tests (Cognitive Abilities 

and Achievement; Woodcock et al., 2005a; Woodcock et al., 2005b) and the Woodcock-

Johnson, Fourth Edition battery of tests (Cognitive Abilities, Achievement, and Oral 

Language; Schrank et al., 2014a; Schrank et al., 2014b; Schrank et al., 2014c), which 

accounted for most of the highest and lowest average assessment scores. The 

discrepancies for assessment variable means and standard deviations were minimal 

between the original and imputed data sets.   

 Review of the means and standard deviations of the assessment variables 

indicated that participants’ performance was generally within the average or slightly 

below average range, and scores were generally within one standard deviation of the 

mean; this was true for both the original and imputed data sets. However, the academic 

achievement data means tended to fall between 80 and 90 more consistently than the 

cognitive and executive functioning data. That is, the academic achievement means 

seemed to be lower overall compared to the cognitive and executive functioning means. 

These findings were not surprising either considering the federal definition of specific 
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learning disability specifies that one or more psychological processes must exist in the 

disorder and manifest as an academic deficit (Sotelo-Dynega et al., 2011; U.S. 

Department of Education, 2004). For the purposes of the current study, it was anticipated 

and expected that underachievement would be evident, particularly within the SLD group 

of cases, which was apparent in the overall means of the assessment variables. Overall, 

the above preliminary analyses, including the descriptive statistics of the sample, were 

consistent with previous research.  

Primary Analyses  

 The follow-up statistical analyses conducted during the second part of the current 

study entailed organizing and describing the results from the clinical cases run through 

both PSW models. The recorded identification labels for each case within the original and 

imputed data sets were marked as SLD or non-SLD, particularly if there was enough data 

available to generate determinations from cases in the original data set. Since the second 

part of the study included only categorical variables for PSW model (i.e., C-DM or X-

BASS), initial diagnosis (i.e., grouping variable of SLD and non-SLD), and identification 

label (i.e., SLD or non-SLD result from the case data run through each PSW model), non-

parametric statistical tools were utilized to analyze the data and determine the proportion 

and accuracy of cases identified by each PSW model as well as the relationship between 

PSW model and SLD identification in general. The initial and subsequent research 

questions were tested using cross-tabulation analysis, chi-square test for independence, 

and logistic regression for the original and imputed data sets.  
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Initial and Subsequent Questions 

1.) Do the PSW models support the diagnostic classification of the sample clinical 

cases determined by practitioners during assessment? Does each method indicate 

the presence or absence of a SLD for each case? 

a. What percentage of SLD cases are accurately identified by the X-BASS 

software as having a SLD?  

b. What percentage of non-SLD cases are accurately identified by the X-

BASS software as not having a SLD?  

c. What percentage of SLD cases are accurately identified by the C-DM as 

having a SLD?  

d. What percentage of non-SLD cases are accurately identified by the C-DM 

as not having a SLD?  

 One primary research question and goal of the current study was to determine 

whether or not each PSW model could determine the presence or absence of a specific 

learning disability and the proportion of cases identified as such. Of note, the X-BASS 

identified fewer cases altogether in the original data set primarily due to the missing 

assessment variable data for participants and the required data entry for the seven CHC 

factors for cognitive functioning. However, the X-BASS identified an approximate equal 

distribution of non-SLD and SLD cases within the original data set, with non-SLD 

representing the majority. For the imputed data set, the X-BASS also classified almost 

two-thirds of the cases as non-SLD, whereas the C-DM identified the majority of cases as 

non-SLD. The total percentage of non-SLD and SLD cases shifted somewhat in the 
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imputed data set because there was no missingness and each case was run twice through 

the PSW models. Thus, four-fifths of the total cases were identified as non-SLD. The 

results, particularly those from the original data set using the X-BASS, were similar to 

the proportions of the initial diagnostic impressions given by the practitioners. More 

specifically, the results from the C-DM varied considerably from the initial diagnostic 

impressions in that the majority of the cases were readily identified as non-SLD, which 

remained unchanged within the original and imputed data sets. Both PSW models 

overestimated non-SLD, but the C-DM did so to a greater extent and by a much larger 

margin than the X-BASS did.  

 Previous research has found that PSW models were typically better at identifying 

cases which did not represent a true SLD profile; that is, PSW models accurately discern 

non-SLD cases more readily than SLD cases (Stuebing et al., 2012). The initial findings 

above regarding the proportions of SLD and non-SLD cases identified by both PSW 

models for participants in both data sets were consistent with previous research. The 

differences in SLD identification rates by the C-DM and the X-BASS also aligned with 

previous research in that poor agreement rates have been found across different PSW 

models (Miciak et al., 2014; Miller et al., 2016).  

2.) Which PSW model most effectively discriminates between SLD and non-SLD 

groups?  

a. Does the X-BASS software identify the same cases as SLD or non-SLD 

when compared to the initial diagnoses?  



129 
 

b. Does the C-DM identify the same cases as SLD or non-SLD when 

compared to the initial diagnoses?  

c. Which PSW model (X-BASS or C-DM) accurately predicts a higher 

proportion of cases for SLD and non-SLD group membership? 

 Another research question and goal of the current study was to identify which 

PSW model most effectively discriminated between the SLD and non-SLD groups and 

predicted a higher proportion of cases with resulting identification labels similar to those 

of their initial diagnoses. When the initial diagnoses were accounted for in the cross-

tabulation analysis, the findings from the original data set confirmed that the C-DM and 

the X-BASS correctly identified a higher proportion of non-SLD cases as members of 

that group category. However, the X-BASS correctly identified a higher proportion of 

SLD cases as members of that group category when compared to the C-DM. These 

findings remained unchanged when analyses were conducted for the imputed data set.  

 Moreover, the logistic regression analysis for the one-predictor and two-predictor 

models for the original data set indicated that the PSW model used partially accounted for 

the accurate prediction of a specific learning disability; as a predictor variable, PSW 

model was more accurate at predicting non-SLD cases compared to the likelihood of 

predicting SLD for a case. Therefore, the likelihood of predicting SLD was minimal, yet 

slightly higher when X-BASS was entered as the focus group for the PSW model 

variable. Similar results were found within the imputed data set with one exception. 

When initial diagnosis was factored into the analysis, it was a significant predictor of 

identification outcome and increased the likelihood of predicting a SLD, but only within 
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the original data set. Overall, PSW model was a more accurate predictor than initial 

diagnosis was. Although the diagnostic impressions of the practitioners were somewhat 

influential and necessary for grouping the two sets of participants, the type of PSW 

model used was a more important predictor of SLD identification.  

 These results again align with previous research regarding the effectiveness of 

patterns of processing strengths and weaknesses models in identifying profiles that were 

not reflective of a SLD and the limited agreement rates among different PSW models 

(Miciak et al., 2014; Miller et al., 2016; Stuebing et al., 2012). Similarly, the amount of 

variance in the identification label variable accounted for by the type of PSW model used 

indicated that other factors affect the accurate diagnosis and identification of a SLD, as 

specified in federal mandates for eligibility (e.g., multiple sources of data; clinical 

judgement; U.S. Department of Education, 2004).  

 Finally, the chi-square tests of independence for both data sets found significant 

associations between PSW model and the resulting identification labels. Specifically, the 

odds of a case identified as SLD was higher when the X-BASS was utilized compared to 

when the C-DM was used. In contrast, when initial diagnosis was accounted for, there 

were significant associations within the non-SLD and SLD groups across both data sets. 

The C-DM and the X-BASS were similar in their identification of cases within the non-

SLD group, but the odds of a case accurately identified as SLD was again higher when 

the X-BASS was used. These findings indicated that the X-BASS was more accurate in 

identifying cases similar to their initial diagnoses, which supports previous research 

conducted by Miller and colleagues (2016) and the initial hypotheses of the current study.  
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Implications for the Field of School Psychology 

 Considering the presence of Flanagan et al.’s X-BASS software in the field of 

school psychology, particularly within states and school districts that follow a PSW 

approach to SLD identification for special education eligibility, the results from the 

current study provide additional clarity for the validity and accuracy of the DD/C model 

as operationalized by the X-BASS (Flanagan et al., 2013a; Ortiz et al., 2015). However, 

the results of the current study also suggest that the DD/C model along with other PSW 

models, such as Hale and Fiorello’s C-DM (2004), are better at identifying cases with 

cognitive and academic profiles not indicative of specific learning disability. There 

appears to be a delicate balance between Type I and Type II errors when PSW models are 

incorporated during the diagnosis and identification of specific learning disabilities. The 

findings of the current study suggested that neither the C-DM nor the X-BASS 

committed more Type II errors (i.e., false positives; identifying more SLD cases than 

there actually are); however, each PSW model seemed to differ in the number of Type I 

errors (i.e., false negatives; not identifying SLD cases when they truly exist), which has 

more negative implications for the students who are affected. 

 Considering the findings of the current study, misdiagnosis and clinical judgment 

factor in greatly when understanding the difference in accuracy and identification rates 

for both PSW models. For instance, it is possible that there was some error in the initial 

diagnoses for those SLD cases that the X-BASS classified as non-SLD or there was 

additional information that was not captured in the existing data set that the researcher 

was not privy to, which influenced the initial diagnoses. As such, comprehensive 
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evaluations conducted by professionals in the field often are not characterized by obvious 

distinctions and diagnostic impressions. Differential diagnosis is a necessary skill 

because many of the students and children with whom professionals in school psychology 

work with present with complex and variable assessment performance that does not 

neatly fit into the SLD category.   

 Furthermore, given the apparent differences in identification rates between the X-

BASS and the C-DM, particularly for cases with actual clinical diagnoses of SLD, it can 

be inferred that not all PSW models are created equally or operate similarly. As described 

in Chapters 2 and 3, the X-BASS and the C-DM are operationalized differently and have 

different underlying theoretical orientations, which most likely accounted for some of the 

differences found in the hit rates for the current study. This particular finding was also 

similar to that of previous research conducted by Miller and colleagues (2016). This 

presents a predicament for practitioners in that if one uses the X-BASS and the other uses 

the C-DM to assist with SLD identification, they most likely will receive different results. 

Consequently, the student may or may not be found eligible for special education services 

even if he/she has a true, underlying learning disability. Similarly, practitioners across 

various districts and states subscribe to different methods and philosophies regarding the 

origin, manifestation, and identification of SLD, which likely is problematic for the 

student who transfers to a different state or district and his/her continual eligibility of 

services (Cottrell & Barrett, 2017). Furthermore, the influence of initial diagnosis within 

the current study proved to be less important than the PSW model used because 

practitioners identify or diagnose SLD differently across districts and states.  
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 Despite these important implications from the results of the current study, the 

benefits of using a PSW approach for SLD identification is comparatively a better option 

as opposed to aptitude-achievement discrepancy and response-to-intervention (Cottrell & 

Barrett, 2017; Fuchs, Hale, & Kearns, 2011; Hale et al., 2010). Aptitude-achievement 

discrepancy approaches are methodologically inconsistent and may deny students 

necessary services until they exhibit a large enough difference between their overall IQ 

and academic achievement performance (Geary et al., 2011; Maki et al., 2015). The 

limitations of RTI entail the lack of agreement for what constitutes “responsiveness” and 

how it is measured as well as the ineffectiveness of RTI with a small group of students 

who do not respond to intervention (Fuchs et al., 2011). Within PSW models, 

individualized instructional practice for a student with a SLD is developed by using the 

patterns of cognitive strengths and weaknesses inherent in the individual; since cognitive 

weaknesses are presumably the reason for a student’s continual academic struggles 

despite intensive interventions, a personalized program of instruction can be created for 

an individual student based on the results of comprehensive evaluation (Fuchs et al., 

2011), which means PSW models provide a useful framework for identifying SLD. 

 Although the C-DM seemed to be more conservative in its identification of 

specific learning disability as seen in the results from the current study, its underlying 

theoretical approach incorporates RTI as a part of the overall service delivery model 

(Hale & Fiorello, 2004; Hale et al., 2011). This indicates that RTI and PSW models may 

be more effective and useful together than either are individually, particularly for 

students with SLDs and those with generally low academic achievement. Since PSW 
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models adhere to the letter and spirit of the IDEA (2004; U.S. Department of Education, 

2004), their overall utility seem to align with the discernment between low achievers (i.e., 

identifying as non-SLD) and those with a SLD after the required comprehensive 

evaluation for special education eligibility has been conducted.  

 In order for practitioners to be able to assess and identify these patterns of 

cognitive strengths, cognitive weaknesses, and academic weaknesses, they must be 

knowledgeable of the current literature that links cognitive processing to certain 

academic areas. The C-DM and the X-BASS follow a cross-battery approach to 

assessment in that practically any cognitive, neuropsychological, or academic 

achievement assessment tool can be utilized as data for an individual (Flanagan et al., 

2013a; Hale & Fiorello, 2004; Hale et al., 2011). As discussed above, practitioners need 

to be familiar with the empirically-supported relationships between cognitive and 

academic skills in order to successfully utilize PSW models, and more importantly, be 

able to accurately identify a specific learning disability (McGrew & Wendling, 2010).   

 More specifically, each subtype of SLD has been found to be associated with 

certain cognitive domains. For reading achievement, short-term memory and working 

memory (Gsm/Gwm) as well as auditory processing (Ga) are important across all ages for 

reading decoding and comprehension (Flanagan et al., 2011). In addition, several narrow 

abilities for long-term storage and retrieval (Glr) along with processing speed (Gs) play 

an important role in the development of reading skills across ages; naming facility (NA), 

associative memory (MA), meaningful memory (MM), and perceptual speed (P) are 

necessary for reading decoding, fluency, and comprehension (Flanagan et al., 2011).  
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 For math achievement, fluid reasoning (Gf), particularly inductive (I) and general 

sequential (RG) reasoning narrow abilities, working memory (Gwm), and processing 

speed (Gs), including perceptual speed (P), have all consistently been found to be related 

to math performance across all ages (Flanagan et al., 2011). According to McGrew and 

Wendling’s findings (2010), perceptual speed also includes an attention-

concentration/executive functioning (AC/EF) component, which has also been found to 

be related to math achievement. Long-term memory was found to be associated with 

math abilities at different developmental stages and ages; for example, meaningful 

memory is necessary for math reasoning at older ages but for basic math calculation skills 

at younger ages (McGrew & Wendling, 2010). Visual-spatial processing (Gv) is 

necessary for more advanced math skills, such as geometry or calculus, at older ages 

according to Flanagan et al. (2011). However, the narrow ability of spatial scanning (SS) 

was determined to only be necessary at younger ages for basic math calculation skills 

(McGrew & Wendling, 2010).  

 For writing achievement, Gf plays a role in basic writing skills at younger ages 

and written expression across all ages (Flanagan et al., 2011). Gwm and Gs also influence 

written expression across all ages (Flanagan et al., 2011). Other cognitive abilities, such 

as naming facility (NA), phonological awareness/phonetic coding (PC), and 

comprehension-knowledge (Gc), have been found to be related to writing skills at 

different ages (Flanagan et al., 2011). 

 The assessment of comprehension-knowledge/crystallized intelligence presented a 

unique challenge as a cognitive skill in the current study. It has been established that fluid 
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reasoning and comprehension-knowledge are weighted more heavily on overall 

intelligence compared to other cognitive skills within the CHC framework (Flanagan et 

al., 2013a). However, comprehension-knowledge is not always considered a cognitive 

marker or weakness for a specific learning disability depending on the PSW model 

utilized in large part due to the overlap of its narrow abilities across academic areas. That 

is, comprehension-knowledge may or may not play a role in the accurate identification of 

a SLD, particularly within the X-BASS. Although the X-BASS requires data to be 

entered (i.e., one Gc composite or at least two subtests) for comprehension-knowledge 

along with data for the other CHC factors for PSW analyses, Flanagan et al. (2013a) 

recommend not to select it as a cognitive weakness for acquired knowledge. It should 

only be selected if language-related processes (e.g., narrow abilities of communication 

[CM] or listening ability [LS]) are deficits indicative of a SLD in oral expression and/or 

listening comprehension (Flanagan et al., 2013a; Ortiz et al., 2015). Therefore, 

practitioners must carefully consider the role of comprehension-knowledge during the 

identification of SLD and its utility within PSW models.  

 Considering the unique distinction that comprehension-knowledge presented in 

the identification of SLD through PSW models in the current study, its inclusion and 

interpretation leads to another equally important implication for professionals within the 

field of school psychology. Although PSW models provide evaluative tools and 

frameworks for identification of SLD, they cannot be utilized in isolation, and they do not 

completely render the clinical skills of practitioners obsolete. Practitioners and 

professionals working within the field of school psychology are still responsible for using 
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clinical judgment, particularly when borderline cases occur, and for collecting multiple 

sources of information to accurately identify a SLD (Flanagan et al., 2011; Hale & 

Fiorello, 2004). For instance, when a student’s performance on cognitive and/or academic 

assessments aligns with their classroom performance, work samples, and teacher and/or 

parent concerns, the testing results validate and confirm that there may be a true SLD that 

exists due to the additional ecological information (Flanagan et al., 2011; Hale & 

Fiorello, 2004; Hale et al., 2011).  

 Flanagan et al. (2011) and Hale et al. (2004; 2011) emphasize the integration of 

data when analyzing a pattern of strengths and weaknesses once calculations and 

statistically significant relationships have been determined. That is, practitioners need to 

review all of the other evidence collected in addition to assessment and PSW results to 

determine the ecological validity of any differences found among cognitive strengths, 

cognitive weaknesses, and academic weaknesses prior to determining the existence of a 

SLD. This includes the analysis of exclusionary factors (e.g., cultural or linguistic 

differences, emotional disturbance, medical conditions/health-related disorders, 

visual/auditory/motor impairment, and lack of educational opportunity) in that one or 

more of those factors cannot be the primary reason for the individual’s poor academic 

performance (Flanagan et al., 2011). Practitioners must understand that identification of a 

SLD cannot rest solely on below-average academic and cognitive performance in 

specific, related domains flagged by a PSW model (Flanagan et al., 2011).  

 This was particularly true for cases in the current study that were differentially 

classified by the C-DM and the X-BASS (see Chapter 4). One qualitative note from the 



138 
 

current study was the composite differences yielded by the PSW models; the C-DM 

approach and the X-BASS typically produced composite scores that differed slightly by 

one or two points, which inevitably influenced the determination of statistically 

significant relationships and the identification of patterns of strengths and weaknesses for 

particular cases. In addition, clinical judgment was necessary, particularly when the X-

BASS was unable to confirm or deny the presence of a SLD from the given calculations 

and data. There were some cases in which “Possibly, use clinical judgment” was the 

determination made by the X-BASS (Ortiz et al., 2015). Conversely, the C-DM was a 

more conservative PSW tool in that it readily identified more cases as non-SLD (see 

Chapter 4); however, for a student who has continually struggled academically in class 

even with interventions and accommodations, identification of a SLD may be warranted 

in spite of the results from the C-DM, the X-BASS, or any other PSW method utilized. 

To ensure ethical and best practice, practitioners must use other sources of data in such 

cases in conjunction with PSW results in order to accurately identify a specific learning 

disability.   

 In addition to clinical judgment, it is also important that practitioners are able to 

distinguish profiles indicative of SLD from other disabling conditions that adversely 

influence learning and academic achievement (Flanagan et al., 2011). Differential 

diagnosis requires practitioners to know the characteristics and identification criteria for 

disorders and disabilities, especially for the 13 eligibility areas for special education in 

schools (U.S. Department of Education, 2004). For example, individuals with intellectual 

disability or a “slow-learner” profile (i.e., below-average cognitive ability across most or 
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all domains) should not be misdiagnosed and inaccurately identified as those with a SLD 

(Flanagan et al., 2011). Adherence to and application of best practices generally precede 

appropriate identification and diagnosis during the comprehensive evaluation for a SLD. 

This entails assessment in all seven areas of cognitive ability according to CHC theory 

and in at least one academic area of suspected concern. Cross-battery and follow-up 

assessment using the most reliable assessment tools and subtests are also necessary for a 

particular case or referral question. Critical analysis is a cornerstone of psychology in 

general and school psychology in particular. Although the use of PSW models, 

particularly the X-BASS, were found to be of value and valid in the current study, 

practitioners cannot solely rely on these tools when the best interests of the child are at 

stake.  

Assumptions Assessed  

 As described briefly in Chapter 3, several assumptions were considered prior to 

any statistical analysis of the current study. Given that an existing data set of clinical 

cases was used for the current study in an effort to improve the generalization of any 

findings, it was initially assumed that all subtest data from assessments were 

appropriately selected, adequately administered following standardization procedures, 

and scored in a valid manner by the practitioners. Secondly, it was assumed that the 

practitioners provided appropriate and accurate broad and specific diagnostic impressions 

for clinical cases. Undoubtedly, clinical judgment influenced their diagnostic 

impressions, which as aforementioned, may have indirectly influenced the findings of the 

current study. These first two assumptions seemed reasonable given that the practitioners 
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were seeking training, supervision, and credentialing through the same program. Lastly, it 

was assumed that assessment data from the comprehensive evaluations was correctly 

entered into the master, extant data set for research purposes by trained graduate students 

and assistants under the supervision of faculty advisors and clinical professionals. Given 

that the selected case data in the original data set was screened for data entry errors prior 

to any PSW or statistical analysis, the data was presumed to accurately reflect the 

comprehensive evaluations.  

 Additionally, it was assumed that the individual case data run through both PSW 

models represented independent observations and contributed to single cells within the 

cross-tabulation analysis and contingency tables (see Chapters 3 and 4). However, the 

instances in which there were a fewer number of cases for the sub-categories within the 

contingency tables may have implications for the internal validity of the study (Field, 

2013a). It was assumed that the standardized assessment variables within the study would 

prevent any extraneous factors from influencing the resulting identification labels from 

the PSW models; however, the standardized assessment variables were not directly used 

within the statistical analyses and were only reviewed for reliability, validity, and sample 

size purposes before running cases through each PSW model.  

Limitations 

 Although this study provided insight regarding the validity and utility of PSW 

models for SLD identification, there are limitations to acknowledge. Although there are 

several areas for eligibility of SLD under the IDEA (2004), only three academic areas 

were of interest in the current study: reading, math, and writing. This presented as a 
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potential limitation for the current research study since findings may only be generalized 

to these three SLD eligibility categories. However, these three broad academic areas 

encompassed all of their relevant sub-domains (e.g., basic reading skills, reading 

comprehension, reading fluency, math calculation, math reasoning, and written 

expression), so only listening comprehension and oral expression were excluded as 

potential SLD areas.  

 Standardized assessment variables were used for each case in an effort to 

minimize the amount of variability between the two PSW models. As such, cognitive, 

academic, and executive functioning data were selected from common assessments (e.g., 

WJ IV COG/ACH; NEPSY-II) when possible for variables available for all cases in the 

SLD and non-SLD groups (e.g., working memory, crystallized intelligence, fluid 

reasoning, processing speed, etc.). It was presumed that too much error would have been 

entered into the study if individual case data was entered for both PSW models without 

any standardization; that is, the variation in the validity and reliability of assessment tools 

practitioners may have used for their comprehensive evaluations would have also 

influenced the results. Furthermore, not all of the practitioners may have used executive 

functioning measures during assessment, which could have limited the amount of 

executive functioning and attention data available for each case. However, it is best 

practice to use additional tools to determine executive functioning and/or attention 

deficits, particularly when ADHD is suspected and/or diagnosed, or when comprehensive 

neuropsychological evaluations are conducted.  
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 Although assessment should be individualized in terms of selecting the measures 

that best answer referral questions, the primary objective of this current research study 

was to compare the validity and accuracy of two PSW models. Entering the same 

variable data for each participant based on available or imputed scores allowed for direct 

comparison between the X-BASS software and C-DM in terms of SLD identification. It 

also ensured that the same test measures and their corresponding subtest reliability 

coefficients were generally similar for both PSW models.  Although this methodological 

step allowed participant data to be more consistent and enhanced the internal validity of 

the study, it does not reflect the real-world, cross-battery approach to answer varying 

referral questions, which could limit the external validity of the study’s findings.  

 Of note, the X-BASS software allowed single subtest data to be entered for 

academic areas within the PSW analyses, which meant composites for academic 

achievement were not necessary for determining a specific learning disability. However, 

composites were generated for cognitive, academic, and executive functioning domains 

in the current study primarily to maintain consistency in data entry across both data sets 

and both PSW models. The composites were derived from individual subtest scores as 

opposed to using composite data available for participants. Both PSW models allowed for 

composites and subtests to be utilized to generate computations and analyses. 

 It is worth noting that each PSW model inherently operationalizes the definition 

of SLD in its own statistical manner, which could attribute to any differences in the hit 

rates of SLD identification found in the study. Additionally, the examiner can use clinical 

judgment when denoting an individual’s strengths and weaknesses while using the X-
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BASS software or the CD-M calculations; for instance, the examiner may consider 

average scores within a different range compared to another examiner (e.g., standard 

scores of  90 are considered average/within normal limits as opposed to  85). With 

these differences in methodology for each PSW model as well as clinical differences in 

the practitioner’s interpretation of scores, there may have been error introduced in terms 

of how a SLD was accurately identified initially by practitioners or by the PSW model. 

Any significant findings may be attributed to a lack of consistency in this regard, which is 

a potential limitation for this study.  

 More specifically, statistical differences between the C-DM and the X-BASS 

presented a potential limitation for the current study. The underlying calculations and 

computations for each model may have influenced the diagnostic and identification 

results for each tool. First, Hale and colleagues (2011) recommend using reliability 

coefficients by age for cognitive and academic composites and subtests in the C-DM, 

whereas Flanagan and colleagues (2013a) embed overall median reliabilities for cognitive 

and academic composites and subtests in the X-BASS software. In fact, the reliability 

coefficients in the X-BASS were automatically activated once the examiner selected 

subtests or composites from the drop-down menus in the ‘XBA’ tab and entered 

performance values for an examinee.  

 For the present study, average/median reliabilities were utilized for the PSW 

models for consistency with data entry, with the exception of the NEPSY-II variables. 

Average reliability coefficients on the NEPSY-II were broken down by age ranges (i.e., 

3-4, 5-6, 7-12, and 13-16). Since most of the case participants in the current study were 
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between the ages of 8 and 12 (i.e., 73%), the average reliability coefficients for that range 

were used (i.e., the reliability coefficients for the 7-12 group). These reliability 

coefficients were also slightly higher for the selected NEPSY-II variables than those for 

the higher age range (i.e., 13-16). Although median reliabilities were retrieved from 

technical manuals of test batteries in order to maintain consistency between the two PSW 

models, such reliability coefficients deviated from the intended use proposed by Hale and 

colleagues (2011). For practical use, examiners would typically only have one case 

participant to enter data for and pull his/her respective reliability coefficients. This would 

allow for specific age-based reliability coefficients to be used for PSW analyses, which in 

turn would affect SLD identification.  

 Another notable difference between the two PSW models was the inclusion of 

comprehension-knowledge/crystallized intelligence as a measure of cognitive ability. 

Depending on the PSW model utilized and based on a review of the current literature, 

comprehension-knowledge may or may not have a role in SLD identification. The DD/C 

model requires scores for all seven CHC factors for PSW analyses (Flanagan et al., 

2013a). Data for comprehension-knowledge was not entered in the C-DM because it is 

more associated with language and listening deficits (i.e., oral expression and listening 

comprehension) when associated with SLD.  

 More specifically, the narrow abilities of Gc include language development (LD), 

lexical knowledge (VL), and general verbal information (KO), which are important 

across all academic areas as acquired knowledge, especially as children get older. 

However, it is recommended that comprehension-knowledge should not be selected as a 
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cognitive weakness within the X-BASS unless a language processing deficit is suspected 

(Flanagan et al., 2011; Flanagan et al., 2013a). Since language and listening deficits were 

not the focus of this particular study, comprehension-knowledge was not included in the 

C-DM calculations for cases and was not selected as a cognitive deficit in the X-BASS. 

As such, the inclusion or exclusion of variables assessing this cognitive factor may have 

influenced findings in the current study. Similarly, executive functions and attention were 

included as cognitive domains for the C-DM calculations, but the X-BASS only included 

executive functions as a domain with no provision of a separate attention domain. These 

differences between the two PSW models may have accounted for the varying 

identification rates, which presented an additional limitation for the current study.  

 As described in Chapter 3, any evaluation data from a cognitive or academic test 

battery can be used in Hale’s C-DM (2011) as long as the reliability coefficients by age 

are available and appropriate for a participant. Although the X-BASS provides several 

batteries and tests across cognitive and academic domains, it was limited in the number 

of variables that could be entered. For the present study, the variables for executive 

functioning and attention were particularly limited compared to the other cognitive and 

academic domains. As such, the data in these areas could not always be entered for a 

participant, which may have also influenced findings. Similarly, the X-BASS at times 

categorized certain assessment variables differently in the cognitive, academic, and/or 

executive functioning domains compared to how they were classified in the existing data 

set (e.g., WJ IV COG ‘Story Recall’ in the X-BASS vs. WJ III ACH ‘Story Recall’ in the 

extant data set).  
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 As alluded to above, one potential confounding variable for the present study 

entailed how practitioners initially derived their overall diagnostic impressions for 

participant case data. That is, the extant data set did not have data collected that indicated 

whether or not the practitioners used the X-BASS, another PSW model, or another 

method altogether (e.g., RTI; discrepancy models) to identify a SLD. It is possible that 

practitioners used the X-BASS to identify and/or confirm a SLD for a participant case 

during the comprehensive evaluation. Conversely, there may have been cases in which 

SLD was the inaccurate broad diagnostic category to label for a case based on the 

participant’s assessment performance (i.e., misdiagnosis).   

 Furthermore, the use of an extant data set for the current study presented as 

another limitation due to the substantial amount of missingness for the variables of 

interest. Similarly, there was no data available for any of the participants’ grade levels at 

the time of their evaluations, which were entered in the X-BASS as estimates based on 

their age. Accurate age, date of birth, grade level, and evaluation dates were significant 

components for the X-BASS and the C-DM in part due to the reliability coefficients 

needed for the underlying PSW calculations as discussed above.  

 In addition, research has shown that SLD can be comorbid with ADHD, which 

could present another potential limitation and confounding variable of the current study 

for those cases with both diagnoses and overlapping symptomatology (APA, 2013). If a 

child met the full criteria for both disorders, the case was placed in the SLD or non-SLD 

group based on their overall broad diagnostic category from the extant data set as 

opposed to their specific diagnostic impressions. Since an extant data set was used to 
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obtain the clinical case data for the initial part of the current study, there inevitably was 

missing data for some participants across the standardized selected variables since 

practitioners administered various cross-battery assessment tools. However, participants 

with comorbid disabilities tended to have more assessment data available within the data 

set, which helped when case data was run through both PSW models.  

 The random sample of case data selected was also based on nonprobability 

techniques; that is, individuals from the population of interest did not have an equal 

chance of being selected for the sample due to the use of an existing data set (i.e., a 

convenience sample) in which all of the members of the population could not be 

accounted for (Gravetter & Forzano, 2012). There was also an unequal representation of 

participant race/ethnicities within the larger data set for the diagnoses of interest for this 

study, but as discussed above, the sample reflected that of the real-world population. Any 

sample bias may limit the external validity of findings for those specific participant sub-

groups.  

 One final limitation to note for the current study relates to data entry within both 

PSW models. Although data was screened initially at the beginning of the study once 

selected participants, case data, and variables were selected, it was possible that running 

data case-by-case pulled from the original and imputed data sets may have resulted in 

data entry errors. Although data entered in the C-DM calculations for cognitive, 

academic, and executive functioning domains were cross-referenced with the data sets 

and checked for accuracy during data entry into the X-BASS, the possibility of error 

existed due to the number of cases run through both PSW models.  
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Future Research Directions 

 The aforementioned shortcomings of the current study may present as 

opportunities that warrant future research. Undoubtedly, with the limited research related 

to PSW models and their role in SLD identification, the current study was necessary. 

However, the current study also merits follow-up. The field of school psychology 

continues to change and adapt to the population that practicing professionals serve. The 

ambiguity of federal legislation regarding the appropriate means of identifying specific 

learning disabilities leaves the door open for additional research related to patterns of 

processing strengths and weaknesses models.  

 Although gender was not a significant focus of the current study, it would be 

interesting if future research investigated the diagnostic differences of SLD for males and 

females using a PSW approach. There may be attributable bias within referral or 

assessment for males and females that could be prevented through use of a PSW 

approach.  In a similar vein, examining the manifestation of SLD within different age 

groups and identifying their specific patterns of strengths and weaknesses as it relates to 

narrow abilities and academic skills may be of interest for future PSW research. 

Specifically, when older students are identified later in their academic careers, it may be 

due to the identification approach used to determine SLD (e.g., RTI approach). Older 

students present a unique population to examine in that if a PSW approach was used it 

might limit their chances of being overlooked during identification.  

 Other potential studies could utilize a different research design than that of the 

current study and perhaps investigate other sub-types of SLD identification such as oral 
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expression and listening comprehension. Although additional validity has been given to 

PSW models from the current study, particularly for Flanagan’s DD/C model 

operationalized by the X-BASS (2013a), it would be interesting if future research 

reviewed the practicality of the X-BASS and practitioners’ perceptions of its utility.  

Final Summary 

 In conclusion, the current study found that patterns of processing strengths and 

weaknesses models are beneficial in the identification of specific learning disabilities. 

These PSW models specifically are useful in differentiating profiles not indicative of a 

specific learning disability. The DD/C model operationalized by the X-BASS by 

Flanagan et al. (2013a) presented as the more viable and accurate option out of the two 

PSW models investigated. However, it is important not to overlook the value of clinical 

judgement, differential diagnosis, knowledge of the existing literature, and best practices 

during assessment and intervention, and their potential influence in accurate 

identification of specific learning disabilities. Although there is less agreement regarding 

the most accurate method for identifying SLDs, as well as less agreement among PSW 

models, the findings from the current study suggest that school psychologists should 

carefully select and interpret their approaches and tools for the identification of SLDs in 

an effort to best support the educational needs of students.  
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