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Abstract
The relationships between response to intervention (RTI) data, cognitive ability,
academic achievement, identification methods, and specific learning disability (SLD)
identification have been studied extensively in recent years; however, an empirically
supported method of identifying a learning disability has yet to be agreed upon. Without
a better understanding of the multifaceted relationship between the set of predictors and
SLD identification, the challenges of identifying children with SLD may continue. The
purpose of this quantitative cross-sectional study was to examine the influence of state
identified tiered support system, RTI approach, academic achievement, free/reduced
lunch status, and SLD identification method on the incidence of SLD within the
educational setting using secondary data. Results of the multiple regression analysis
indicate that most of the predictors were not statistically significant; however, No
Approach and RTI and Other ID have significant coefficients, suggesting these
categorical variables may have some kind of relationship with the dependent variable..
This information may be useful for school districts, the Department of Education, school
psychologists, student support teams, and multidisciplinary teams identifying students
with learning disabilities. Results from this study may help promote positive social
change by providing clarification regarding the most effective variables in identifying a
learning disability, helping mitigate the over- and under-identification of students with

learning disabilities.



Predictors of Statewide Specific Learning Disability Identification Across United States
Educational Settings
by

Elizabeth Hamilton Fox

EdS, Georgia Southern University, 2020
MA, Georgia Southern University, 2018

BS, Georgia Southern University, 2017

Dissertation Submitted in Partial Fulfillment
of the Requirements for the Degree of
Doctor of Philosophy

Developmental Psychology

Walden University

November 2023



Dedication

| want to thank my parents for their unwavering support of my educational
pursuits. | cannot express my gratitude for your generosity. | credit my ambition to your
fierce belief in me. Thank you for making it possible for me to pursue my dreams. I also
want to thank my husband, David, for his steadfast love and encouragement. Thank you
for always believing that my potential is limitless, especially when | did not. Your
encouragement has carried me through the many pitfalls of this journey. Thank you for
celebrating my accomplishments with such fervor. I love you so very much. Finally, |
would like to thank my rock through every triumph and every trial, Jesus Christ.

I would like to dedicate this dissertation to my beautiful daughter, Presley. You
and | spent many hours developing this research while | was pregnant with you. You are
my greatest joy and deepest love. You will forever be my greatest accomplishment in this
life. I have many years of education behind me; however, my beautiful daughter has
proven to be my greatest teacher. Although I was unaware at the beginning, the pursuit of

this degree has always been for you, Presley.



Acknowledgments

I would like to acknowledge and thank my chair, Dr. Susan Marcus. | credit her
for helping me succeed in my efforts to complete this dissertation. Without her patient
guidance, expertise, and unwavering encouragement, | would not have achieved this
degree. | am thankful to know her as a mentor and a friend. Furthermore, | would like to
acknowledge and thank my second committee member, Dr. Steven Little. I am thankful
for his guidance and expertise regarding the content of this dissertation. His calm,
confident demeanor was appreciated through each trial and triumph encountered in this

process. | truly cannot express my gratitude for each of you.



Table of Contents

LISt OF TADIES ... bbb \Y%
LISE OF FIGUIES ...ttt ettt sttt ettt e e be st e s beenbesneenneas v
Chapter 1: Introduction t0 the StUAY...........ccooieiiiiiiie e 1
BACKGIOUNG ...ttt bbbt 1
Problem STAtEMENT ..o 2
PUIPOSE OF The STUAY .....oviiiiiiiieee et 4
RESEArCH QUESTION ..ottt sre et esreeneeeneenreas 4
ConCeptual FramMEWOIK ........ccuoiiiiiiiiiiisiesii ettt 5
NatUre Of the STUAY ......ooiiieee e 6
DETINITIONS. ...ttt b bttt 7
AASSUMPTIONS ...ttt bbbt e et e bbbt bt e e e e 8
Scope and DelimiItations ..........cooeiiiiiiiieieee e 8
LIMITATIONS ...ttt bbbt b bt 9
SIGNITICANCE. ...t b bbbt 9
SUMMIBIY ..ttt bbbt eb ettt b et e e e e nne s 10
Chapter 2: LItErature REVIEW ........cc.oiiiiiiiiiieieie et 11
Literature SEArCh SIrategy........ooviiiiriiieieieiee e 13
Conceptual FrameWOIK ........cc.ooiiiiiiiiiiieieie e 14
Response to Intervention/Multi-Tiered System of SUpport.........cccoceeeeveiiiininne. 14
DisCrepanCy MOGEN ..........cooiiiiie s 17
Literature Review Related to Key Variables Background............c.ccccocviiniiinininnnn, 20



Methods Used to Identify a Learning Disability...........cccooeviiiniinieninniee e, 22

RTI/MTSS and Specific Learning Disability ..o 25
Academic Achievement and Specific Learning Disability..........cc.ccccocevcviininnne. 32
Cognitive ADIity and SLD .....cc.ooiiiiiiiiiee e 36
Disproportionality N SLD ........cooiiiiiiiiiieeee s 40
SUMMAry and CONCIUSTONS ........oviiuiiiiiiieieee e 44
Chapter 3: ReSearch Method............ooiiiiiiiiiiceese s 46
Research Design and RatioNale ..o 46
Research Question and HYPOThESIS..........cccuiiiiiiiiiee s 47
METNOUOIOGY ...ttt 47
POPUIALTION ...t 47
ATCNIVAI DALA.....c.eoiiii et 47
Data ANalYSIS PIAN .......coiiiiiiic s 49
THreats t0 Validity .......cooiiiiieie e 51
Ethical CONSIABIALIONS .......coueiiieiiieiee s 51
SUMMIBIY ..ttt bbbt eb ettt b et e e e e nne s 51
CRAPLEr 41 RESUILS ...ttt bbbt 53
Data COHBCTION ..ot bbbt 53
Demographic Characteristics of the POPUIAtIoN ............c.coovviiieiiiini e 54
Descriptive Statistics for the ANAIYSES ........ccoiiiiiiiieee e 54
LT | USSR 57
SUMMIBIY L.ttt bbbt et eb e bt ettt e b e e b e nne s 63



Chapter 5: Discussion, Conclusions, and Recommendations..........cccocvvverenieniennineneennns 64

Interpretation Of FINAINGS .......coviiiiiie e 64
LIMIEAEIONS .ttt sttt et e e e nre e nre e nres 66
RECOMMENTALIONS........eiiieiie sttt ettt enre e nnes 67
IMPEICALIONS. ...ttt 68
LO70] 0 0d 111 o] o USSR SUPSRRR 69
R (=T =] 0TRSO 71



List of Tables

Table 1. Variables and Scales of Measurement.........cccveviieiieniiesieenene e 48
Table 2. Frequency Distributions for Categorical Predictor Summary Scales.................. 55
Table 3. Descriptive Statistics for Continuous Predictor Summary Scales..........c...c....... 57
Table 4. Transformations of Categorical Variables............cccoovveiiiiiniiieiinice e 58
Table 5. Correlation Matrix of Outcome and Categorical Variables.............cc.ccocvinnnnns 59
Table 6. Correlation Matrix of Outcome and Scale Variables............ccccovvviviiiiininennns 59
Table 7. Model Summary for Statewide SLD Percent ..........ccccovvvveereniesinneeiesieneenens 60
Table 8. ANOVA Summary for Statewide SLD Percent ...........ccccoevveveiinnveiesieennennns 60
Table 9. Summary of Model Coefficients for Statewide SLD Percent.............ccccccevvennnne 61



List of Figures
Figure 1. Histogram of Standardized Residuals for Statewide SLD Percent ................... 61
Figure 2. P-P Plot of the Expected Cumulative Probability of Standardized Residuals
For Statewide SLD PeICENT........ccciiieiiee et 62
Figure 3. Scatterplot of Predicted Z Scores and Residual Z Scores for Statewide SLD

[ (o1=] 0| TR 62



Chapter 1: Introduction to the Study
This quantitative study was conducted to understand the influence of state
identified tiered system of support, response to intervention (RTI) approach, academic
achievement, free/reduced lunch status, and state identified method(s) of identifying a
learning disability on statewide incidence of specific learning disability (SLD)
identification. This research utilized a cross-sectional design using archival data derived
from various sources. Results of this study may contribute to clarifying the variables that
significantly influence SLD identification, helping to clarify the role of tiered systems of
support in SLD identification. This can lead to positive social change by helping mitigate
over- or under-identification of students with a SLD. This chapter will define the problem
statement and purpose of the study. This chapter will also explain the conceptual
framework of this study, the nature of the study, definitions, assumptions, scope and
delimitations, limitations, as well as significance of the study.
Background
The relationships between RTI data, cognitive ability, academic achievement,
identification methods, and learning disability identification have been studied
extensively in recent years (Barrett et al., 2022; Berkeley et al., 2020; Gartland, &
Strosnider, 2020; Hudson & McKenzie, 2016; Maki & Adams, 2020; Maki et al., 2020;
Miciak & Fletcher, 2020; Reschly & Hosp, 2004). However, an empirically supported
method of identifying a learning disability has yet to be agreed upon. This is further
complicated by the states’ legal authority to determine the tiered system of support model

and implementation approach, making comparisons across states difficult. As such, a gap
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in research exists in examining the influence of states’ interpretation/implementation of a
tiered system of support and SLD identification in educational settings. Examining the
relationships between the proposed predictor variables and SLD identification (the
criterion) across states may help fill this gap by providing results that clarify the
relationship between influence of tiered system of supports in SLD identification. Results
derived from this study may help clarify the relationship between the predictor variables
and SLD identification across states that differ in RTI/MTSS interpretation and
implementation. Results may also provide more insight into the role RTI/MTSS plays in
SLD identification. This information may be useful for school districts, the Department
of Education (DOE), school psychologists, student support teams (SST) referring
students for special education evaluations, and multidisciplinary teams identifying
students with learning disabilities.
Problem Statement

Research has indicated that reliably identifying learning disabilities is difficult to
achieve (Reschly & Hosp, 2004; Hudson & McKenzie, 2016; Gartland, & Strosnider,
2020; Miciak & Fletcher, 2020). One reason for this difficulty is the ambiguity of the
language used in IDEA’s guidance on SLD identification. This law grants autonomy to
individual states regarding the method used to identify a learning disability in the
educational setting. As such, states use a variety of identification methods (i.e.,
RTI/MTSS, discrepancy model, processing strengths and weakness [PSW] method).
Further, each method assesses SLD using different combinations of variables (e.g., RTI

data, academic achievement scores, cognitive ability, or some combination of these



variables). In addition to allowing states to use RTI/MTSS data to identify a SLD, the
2004 reauthorization of Public Law 94-142 further allowed states autonomy regarding the
interpretation and implementation of a tiered system of support (i.e., RTI model, MTSS
model, RTI/MTSS model, other). Due to these differences, it is unclear as to what
methods and/variables best predict a SLD. Researchers have attempted to determine
which variables are most predictive of SLD. For example, many studies have found that
academic achievement was a significant predictor of SLD identification (Barrett et al.,
2021; Maki & Adams, 2020; Maki et al., 2021). However, many researchers have
suggested that academic achievement cannot be used as a sole determinant of SLD
identification (Barrett et al., 2021; Francis et al., 2005; Maki & Adams, 2020; Maki et al.,
2021; Miciak et al., 2015; Stuebing, Fletcher, & LeDoux, 2022).

RTI/MTSS data appears to be the most widely used method of identifying a
learning disability (Benson et al., 2020; Maki & Adams, 2018), yet other research
suggested that it is not a significant predictor of SLD identification within the educational
settings (Maki et al., 2020; Barrett et al., 2021). The relationships between RTI data,
cognitive ability, free/reduced lunch status, academic achievement, identification
methods, and learning disability identification have also been studied extensively in
recent years (Barrett et al., 2022; Berkeley et al., 2020; Gartland, & Strosnider, 2020;
Hudson & McKenzie, 2016; Maki & Adams, 2020; Maki et al., 2020; Miciak & Fletcher,
2020; Reschly & Hosp, 2004), yet one definitive method of identifying a learning
disability has not be agreed upon. The results of this study may contribute to clarifying

the debate regarding which methods and variables significantly influence the incidence of
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SLD identification across states. Results may help promote the accuracy, efficiency, and
efficacy of SLD identification methods. Furthermore, results derived from this study may
provide a better understanding of the variability among SLD identification across the
nation. IDEA’s provision of autonomy among states increases the variability of SLD
identification interpretation across states. Findings may be helpful in providing further
insight into the influence of individual state practices.
Purpose of the Study
The purpose of this quantitative study was to examine the influence of state
identified tiered system of support model, RTI approach, statewide academic
achievement, free/reduced lunch status, and state identified method of identifying a
learning disability on the incidence of SLD identification within each state.
Research Question
RQ: To what extent does tiered system of support model, RTI approach, state-wide
academic achievement, free/reduced lunch status (state-wide percentage) and SLD
identification method predict statewide incidence of SLD identification?
Hol: Tiered system of support model, RTI approach, state-wide academic
achievement, free/reduced lunch status (state-wide percentage) influence the
incidence of statewide SLD identification.
Hal: tiered system of support model, RTI approach, state-wide academic
achievement, free/reduced lunch status (state-wide percentage) do not influence

the incidence of statewide SLD identification.



Conceptual Framework

RTI is a highly debated educational development initiated by the 2004
reauthorization of IDEA. This framework is designed to act as a preventative model by
renewing educational focus on evidence-based interventions and data-driven decisions
preceding a referral for special education evaluation (Hudson & McKenzie, 2016).
Furthermore, RTI can be used as a method of identifying a learning disability for special
education eligibility by using progress monitoring data derived from increasingly
intensive interventions implemented in the general education setting. Although RTI was
introduced via federal regulation outlined by IDEIA, states have autonomy in the
interpretation and implementation of this framewaork. In recent years, many states have
moved away from RTI and toward a MTSS (Berkeley et al., 2020), which is a framework
that provides multitiered instruction to at-risk students identified via high-stakes test
performance and/or student performance on norm-referenced assessments. Interventions
are designed to support academic and behavioral difficulties. (Berkeley et al., 2020;
Zhang et al., 2023). As such, the interpretation and implementation of RTI/MTSS varies
across the nation.

The discrepancy model is another method of identifying a learning disability that
was used as a conceptual framework supporting this study. The discrepancy model has
been used for decades as a method of identifying a learning disability. This model
employs a standardized measure of cognitive functioning and an academic achievement
score to determine whether a discrepancy exists between the two scores. When a

significant difference, defined as one to two standard deviations, between cognitive
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ability and academic achievement exists, a learning disability is identified (Francis et al.,
2005). The discrepancy model and the RTI/MTSS framework often work in unison to
determine special education eligibility for a SLD. As such, these frameworks are
pertinent to understanding the nature of my study because they provide support for the
chosen independent variables.

Nature of the Study

To address the research question in this quantitative study, a cross-sectional
research design using archival data was implemented. A multiple regression analysis was
used to determine the combination of variables that significantly influence SLD
identification. Secondary data include statewide data derived from the 2021-2022 school
year reflecting statewide academic achievement in reading and math (independent
variable), state identified tiered support system model (independent variable), RTI
approach (independent variable), statewide percentage of students receiving free/reduced
lunch (independent variable), state identified method of identifying a learning disability
(independent variable), and statewide percentage of students identified with a SLD
(dependent variable).

Statewide reading and math academic achievement (independent variable) data
were derived from The Nation’s Report Card (2022), which cites National Assessment of
Educaitonal Progress (NAEP) as a major contributor to this data collection. These data
points are interpreted via scaled scores ranging 0 to 500. According to The Nation’s
Report Card, the NAEP has provided the most nationally representative measure of

statewide student achievement since 1969. This assessment is standardized across the



nations; therefore, insuring reliable comparisons of student achievement in reading and
math across states.

Statewide percentage of students receiving free/reduced lunch (independent
variable) was derived from National Center for Education Statistics (2022a). These data
is publicly accessible. State identified method of identifying a learning disability
(independent variable), state identified tiered support system model, and RTI approach
was derived from a comprehensive review of each state’s DOE website conducted by
Zhang et al. (2023). The statewide percentage of students identified with a SLD
(dependent variable) was calculated via excel using number of students enrolled
statewide (National Center for Education Statistics, 2022a) and number of school age
children served statewide under SLD (Open Data Platform, 2022). These data are also
publicly accessible.

Definitions

In this study, the following key terms are used.

Academic achievement: Academic achievement refers to a student’s functional
performance on norm-referenced academic measures in the areas of math, reading, and/or
written expression (IDEA, 2004).

Cognitive ability: Cognitive ability refers to an individual’s intelligence as
measured by assessing six broad cognitive abilities including crystalized knowledge (Gc),
the breadth and depth of learned information, fluid reasoning (Gf), the ability to solve
problems using novel information, visual-spatial processing (Gv), the ability to process

visually-based information, short-term or working memory (Gsm/Gwm), the ability to



hold information in immediate awareness and manipulate it, processing speed (Gs), the
ability to complete simple tasks quickly, and long-term retrieval (Glr), the ability to
retrieve previously stored information. Within which, 80 narrow cognitive abilities are
embedded (Caemmerer et al., 2020; Zaboski et al., 2018).

Multi-tiered system of support (MTSS): MTSS is a framework that provides
multitiered instruction to at-risk students identified via high-stakes test performance
and/or student performance on norm-referenced assessments. Interventions are designed
to support academic and behavioral difficulties (Center on Multi-Tiered Systems of
Support, 2022).

Response to intervention (RTI): RTI is a framework that provides multitiered
instruction to at-risk students identified via high-stakes test performance and/or student
performance on norm-referenced assessments. Interventions are designed to support
academic difficulties (Hudson & McKenzie, 2016a).

Specific learning disability (SLD): A neurological disorder in one or more
psychological processes involved in the use of language (IDEA, 2004).

Assumptions

In this study, | assumed that all secondary data were accurate and disseminated
with fidelity. This study relied on archival data; therefore, it is assumed that the data
reflect true statistics from the 2021-2022 school year.

Scope and Delimitations
The scope of this study included statewide data regarding state identified tiered

support system model, RTI approach, percentage of students with free reduced lunch



status, statewide academic achievement (reading and math), and SLD identification
method for each of the 50 states. As such, the entire population was included in this
study. This allows for generalizability because the entire population is represented in the
results that were derived from this study. The scope of the study is limited to public
school data from the 2021-2022 school year.
Limitations

| used secondary data; therefore, the accuracy of this data can only be assumed.
This is a reasonable assumption, as schools across the country rely on this data to make
decisions regarding resource allocations and student learning opportunities. However, the
use of secondary data is, by definition, limited to what someone other than the researcher
chooses to record. | verified that the data has been categorized correctly, but this is in
absence of my direct oversight. Finally, there may be variables not in the data set that
could be valuable in improving the regression model, but | am limited to only what is
provided. This creates a risk that the model will be underspecified or subject to
confounding variables (Kumara, 2022).

Significance

Results of this study may contribute to clarifying the variables that significantly
influence SLD identification, helping to clarify the role tiered systems of support play in
SLD identification. Without a better understanding of the multifaceted relationship
between the set of predictors and SLD identification, the challenges of identifying
children with SLD may continue. Results derived from this study may help inform best

practices in identifying a learning disability in school age children, and findings can be
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presented at the National Association of School Psychologists (NASP) conference.
Summary

The 2004 reauthorization of IDEA catalyzed a slew of research regarding SLD
identification (Reschly & Hosp, 2004; Hudson & McKenzie, 2016; Gartland, &
Strosnider, 2020; Miciak & Fletcher, 2020). However, ambiguity of the language used in
IDEA’s guidance on SLD identification, and state autonomy regarding RTI/MTSS
interpretation/implementation and SLD identification, has created discrepancy regarding
SLD identification across the nation. As such, research regarding the predictors of SLD
identification have not been studied across the nation, limiting the generalization of
current research.

This quantitative study examined the influence of state identified tiered system of
support model, implementation approach, statewide academic achievement, free/reduced
lunch status, and state identified method of identifying a learning disability on the
incidence of SLD identification within each state. Multiple regression analysis was
employed using secondary data to answer the research questions. Chapter 2 will provide a

review of past and present literature that support the research.
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Chapter 2: Literature Review

The relationships between RTI data, cognitive ability, academic achievement,
identification methods and learning disability identification have been studied in recent
years (Barrett et al., 2022; Berkeley et al., 2020; Gartland, & Strosnider, 2020; Hudson &
McKenzie, 2016a; Maki & Adams, 2020; Maki et al., 2020; Miciak & Fletcher, 2020;
Reschly & Hosp, 2004); however, a definitive, empirically supported method of
identifying a learning disability has yet to be agreed upon. As such, the most debated
reauthorization of Public Law 94-142 continues to be the methods used to identify a
learning disability within an educational setting. Research indicates that RTI data should
not be used as the sole determinant in identifying a learning disability (Gartland &
Strosnider, 2020; Hudson & McKenzie, 2016a; Miciak & Fletcher, 2020; Reschly &
Hosp, 2004); however, research does not agree on a formula of data sources that result in
reliable and valid decisions of SLD identification. The continuum across which a learning
disability may be manifested hampers the ability to neatly classify its presence (Benson et
al., 2020).

Further, tiered systems of support have been developed by each of the 50 states,
yet variation exists among the terminology, interpretation, and implementation of these
models (Berleley et al., 2020). Comparisons among similar studies suggest that many
states have transitions from RTI to MTSS models (Berkeley et al., 2020; Zhang et al.,
2023). IDEA provides autonomy to states regarding the interpretation and
implementation of RTI regarding SLD identification. The influence of the interpretation

and implementation of the RTI model on SLD identification has yet to be explored as a
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predictor of SLD identification. Furthermore, most research that analyzes predictors of
SLD identification are confined to one state. As such, a gap in research exists in
understanding the relationships between the predictor variables and SLD identification
across various states.

With the current study, | sought to investigate predictors of SLD identification
within school-aged children by assessing the influence of academic achievement, state
identified RTI model, statewide free/reduced lunch status, and state identified method of
identifying a SLD on the statewide incidence of students identified with SLD. Findings
derived from this study may help clarify the relationship between the identified predictors
and SLD identification, informing the factors that may significantly influence SLD
identification across states. This information may be beneficial to special education
programs within school systems, multidisciplinary evaluation teams, and school
psychologists working in an educational setting. Results may help promote the accuracy,
efficiency, and efficacy of SLD identification methods. Furthermore, results derived from
this study may provide a better understanding of the variability among SLD identification
across the nation. IDEA’s provision of autonomy among states increases the variability of
SLD identification interpretation across states. Findings may be helpful in providing
further insight into the influence of individual state practices. Findings can be
disseminated via the NASP conference presentation.

In this chapter | will explain the literature search strategy used to review current
literature related to the current study. I will then provide an explanation of the RTI/MTSS

framework and the discrepancy model as conceptual frameworks used to support the
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proposed study. This chapter will also explore methods of identifying a learning
disability to provide an understanding of the methods of SLD identification allowable
under IDEA. This chapter also provides an in-depth exploration of past and present
research related to the variables of the proposed study and their relationships to SLD
identification.
Literature Search Strategy

Databases used to explore past and present research include Walden University’s
library, APA Psychinfo, Education Source, ERIC, PsychNet, Ebscohost, and Thoreau.
Relevant terms searched include Response to Intervention, RTI, Multi-tiered System of
Support, MTSS, Specific Learning Disability, SLD, special education, special educational
eligibility, Individuals with Disabilities Act, IDEA, academic achievement, cognitive
ability, 1Q-achievement discrepancy model, methods of identifying a learning disability,
CHC theory, Processing strengths and weaknesses, academic achievement AND specific
learning disability. Furthermore, the U.S. Department of Education (n.d.) was used to
explore laws and policies related to the Individuals with Disabilities Act as well as
current statistics related to special educations qualification and services. In terms of the
scope of the research conducted for this literature review, present research was limited to
the past 5 years. Past research was used to provide background information regarding the
SLD identification as well as a history of federal law related to SLD identification. Meta-
analyses were used to explore the scope of past and present research. These analyses also

aided comparing and contrasting the findings of past and present research.
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Conceptual Framework
Response to Intervention/Multi-Tiered System of Support

RTI is designed to act as a preventative model by renewing educational focus on
evidence-based interventions and data-driven decisions preceding a referral for special
education evaluation (Hudson & McKenzie, 2016a). Furthermore, RTI can be used as a
method of identifying a learning disability for special education eligibility by using
progress monitoring data derived from increasingly intensive interventions implemented
in the general education setting. This framework has become a highly debated
educational practice due to the 2004 reauthorization of the IDEA in which RTI is
identified as a method of identifying a learning disability within the educational setting.
Although RTI was included as a federal regulation outlined by the Individuals with
Disabilities Improvement Act (IDEIA), states have autonomy in the interpretation and
implementation of this framework. As such, the model of this conceptual framework
varies across the United States.

RTI models utilize systematic decision-making practices to improve and track the
progress of student academic achievement and/or behavior. The method of
implementation and terminology regarding this system of support varies across the
nation. For example, models that provide academic and behavioral interventions are
typically labeled as MTSS, while models that provide academic support only are
typically labeled as RTI. Regardless, these frameworks provide multitiered instruction to
at-risk students identified via high-stakes test performance and/or student performance on

norm-referenced assessments. Once identified, progress is monitored to determine
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responsiveness to evidence-based interventions implemented. Progress is typically
determined by comparing student performance to normative samples or student
performance on criterion referenced measures. Fuchs and Fuchs (2006) refer to this as
dynamic assessment, as the metric used to monitor progress is a change in academic level
and/or rate of learning. Ultimately, data are used to determine changes in curricula,
materials, and/or instructional procedures. RTI and MTSS frameworks consist of three to
four tiers of systematic support. The nature of the interventions implemented, and
progress monitoring intensifies as a student progress from Tier 1 to Tier 3. Intensity may
be increased by altering instruction delivery, increasing frequency, increasing duration,
and utilizing teachers with greater expertise (Fuchs & Fuchs, 2006). RTI and MTSS
frameworks serve to provide early intervention to at-risk students and assess students’
needs via valid progress monitoring tools.

Two main types of development methods are used to interpret and implement RTI
interventions (Maki et al, 2015). These methods include the problem-solving method and
the standard treatment protocol. The problem-solving approach seeks to align
interventions with student needs by first identifying student needs via valid and reliable
measures used to assess the student’s global ability, academic skills, and subskills (Maki,
Floyd, & Roberson, 2015). Upon problem identification, baseline data are collected, and
strategies of instructional intervention are selected and implemented to target the
academic difficulties. Fidelity is an integral aspect in maximizing the effectiveness of the
interventions, promoting optimal decision making (Marston et al., 2003). Student

progress toward academic goals is monitored frequently to determine the effectiveness of
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the interventions. This cycle of problem identification, intervention implementation, and
progress monitoring is continued as necessary. Although the problem-solving approach
of RTI has been present in the educational settings prior to the 2004 reauthorization of
IDEA (Maki et al., 2015), this approach is often used to help determine special education
eligibility under the category of learning disability (LD), also known as SLD.

The standard treatment protocol differs from the problem-solving approach in that
it seeks to use fixed methodologies to implement pre-determined interventions based on
student needs. As such, this approach to RTI implements empirically supported
interventions that are used to support multiple students who present with similar
problems (Fuchs et al., 2003). This approach is less individualized than the problem-
solving approach, as it groups students’ needs into domains, and treats each student group
with a predetermined intervention. This approach promotes quality control, as training
personnel can be streamlined due to the lack of variation among individual students
(Fuchs et al., 2003). This suggests that fidelity may be improved through this method,;
however, this streamlined approach to intervention implementation suggests that this
method is less sensitive to individual differences and needs among students. Data derived
from RTI may be used to identify students who require specialized instruction beyond the
scope of general education; however, autonomy regarding interpretation and
implementation of RTI remains at the state level. As such, the approach used varies
across the United States.

RTI has been heavily researched since the 2004 reauthorization of IDEA. RTI

slope data have been used a predictor variable in many studies to explore its relationship
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to SLD identification (Barrett et al., 2021; Maki & Adams, 2020; Maki et al., 2020).

Quantitative research has also explored the influence of RTI on eligibility numbers within
21 rural elementary schools (Raben et al., 2019), as well as school psychologists’ use of
RTI in identifying learning disabilities (Benson et al. 2020). Perceptions of the RTI
framework has also been explored via qualitative research (Wingate et. al, 2018; Jenkins
& Sekayi, 2016). Researchers have also explored RTI via meta-analyses and literature
reviews to better understand past and presents research related to the RTI framework
(Alahmari, 2019; Berkeley et al., 2020, Burns et al., 2005; Miciak & Fletcher, 2020). As
states have gradually moved away from RTI model and adopted the MTSS model,
differences in these frameworks across states have been monitored (Berkeley et al., 2009;
Berkeley et al., 2020; Zhang et al., 2023). The current study benefits from these
frameworks as it seeks to better understand the relationship between state identified
RTI/MTSS model and SLD identification. As such, understanding this conceptual
framework and the past research that contributes to this framework helps inform the use
of the predictor variables in the present study.
Discrepancy Model

The discrepancy model is another method of identifying a learning disability that
was also used as a conceptual framework supporting this study. This model employs a
standardized measure of cognitive functioning and an academic achievement score to
determine whether a discrepancy exists between the two scores. When a significant
difference, defined as one to two standard deviations, between cognitive ability and

academic achievement exists, a learning disability may be present (Francis et al., 2005).
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This discrepancy can be determined using three different models (Peterson & Shinn,
2002). The intra-individual achievement discrepancy (IAD) model is based on a severe
discrepancy between an individual’s cognitive ability and academic achievement. A
discrepancy may be defined by as simple discrepancy or a regression discrepancy, in
which the mean and measurement of error are considered. The absolute achievement
discrepancy (AAD) argues that the defining characteristic of a learning disability is
severe low achievement. As such, this discrepancy model employs univariate distribution
to determine whether a discrepancy exists between the average national achievement and
individual student achievement. The IAD and AAD models both consider within-the-
child disability (Peterson & Shinn, 2002); however, a defining difference between these
models is that the AAD model fails to consider cognitive ability. Finally, the relative
achievement discrepancy (RAD) model defines a severe discrepancy relative to the
standards of an isolated context. In other words, this model relies on achievement data of
all students within specific context to determine learning disabilities; therefore, the
determination that a student is severely low achieving is based on the performance of
their peers within the same context.

Although the use of the discrepancy models varies across states, the IAD model
most clearly aligns with the language used in IDEA (Peterson & Shin, 2002). IDEA does
not require the use of the IAD discrepancy formula to determine a learning disability;
however, many states have employed this formula for many years (Smith, 2005). The
widespread use of the IAD model may be the result of the Office of Special Education

Programs (OSEP) codifying this model as the sole method of identifying a learning
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disability in 1977 (Taylor et al., 2017). But researchers have noted that the reliability and

validity of this model are questionable (Peterson & Shin, 2002; Smith, 2005; Taylor et
al., 2017); therefore, it should not be used as a sole determinant for determining a
learning disability.

The 1AD discrepancy model emerged in the 1960s and is presently used to define
a learning disability within an educational context (Carter-Smith, 2018). The definition of
a SLD within IDEA is based on the Learning Disabilities Act adopted by Congress in
1969, and then clarified in 1977 to include language related to the discrepancy model.
The reauthorization of IDEA in 2004 noted that the discrepancy model was not a required
component in determining eligibility, and the introduction of RTI as a method of SLD
determination expanded the methods of identification (Carter-Smith, 2018). Regardless,
the definition of a learning disability within the context of IDEA has not been
significantly changed since Public Law 94-142 was passed in 1975. Regulations of Public
Law 94-142 were officially released in 1977 and promoted SLD as a significant
discrepancy between cognitive ability and academic achievement (Fletcher et al., 2019).
As such, the 1Q-achievement discrepancy modes, or IAD model, have been used to
identify learning disabilities for decades.

Quantitative research has employed the discrepancy model as a predictor variable
to determine the consistency of learning disability identification (Barrett et al., 2021,
Maki & Adams, 2020; Maki et al., 2021), the relationships between learning disability
identification methods (Schroeder et al., 2017), school psychologists use of this model in

determining a learning disability (Benson et al., 2020), and the stability of the
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discrepancy model (Francis et al., 2005). Researchers have also started exploring the
impact of cognitive ability and achievement on learning disability identification to
determine whether the variables used in the discrepancy model have individual impact on
learning disability identification (Maki et al., 2020). Miciak and Fletcher (2020) also
conducted a literature review that included an exploration of research related to the use of
the discrepancy model in determining a learning disability. Overall, this model has been
widely researched as history indicates that it was one of the first method employed to
determine a learning disability.
Literature Review Related to Key Variables Background

Public law 94-142 was passed in 1975 under the title the Education of All
Handicapped Children Act (EHA). Prior to the passage of this law, approximately 1 in 5
children with disabilities were provided with an education. Many states barred children
with disabilities from participating in a formal education prior to 1975 (The U.S.
Department of Education, n.d.). Prior to the passage of Public Law 94-142, Congress
recorded that of the 8 million children classified with a disability in the United States, up
to 1 million children were not being served appropriately in the educational setting
(Smith, 2005). Special education services were not well regulated in the United States
prior to the passage of this legislation. EHA was passed to serve four educational
purposes: to provide free and appropriate education for all students (FAPE), to protect the
rights of students with disabilities, provide monetary assistance to state and public
facilities educating students with disabilities, and to assess the effectiveness of services

provided to ensure fidelity (Smith, 2005). Major requirements established in Public Law
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94-142 remain pillars of present-day special education.

This law underwent many reauthorizations over the years. The 1990
reauthorization catalyzed the renaming of public law 94-142 as the Individuals with
Disabilities Education Act (IDEA). IDEA continues to govern states’ implementation of
early interventions, as well as the provision of specialized and related services to students
eligible for special education. A 2004 reauthorization revised various aspects of the law
including funding, hiring requirements for teachers, due process requirements, expulsion
and suspension guidelines, and Individualized Education Plan (IEP) requirements (Smith,
2005). The Individuals with Disabilities Education Act (IDEA) was reauthorized in 2004
to mitigate over identification and disproportionate representation issues within special
education (Phillips, 2018). Changes were designed to improve the process of
identification and expand identification methods. The goal of this reauthorization was
multifaceted, as it sought to (a) develop and implement policies that would mitigate the
disproportionality of individuals with disabilities based on race and ethnicity, (b) collect
and interpret data related to disproportionality, and (c) improve services via technical
assistance, demonstration projects, dissemination of information, and implementation of
evidence-based research (Phillips, 2018). This suggests that many aspects of the 2004
reauthorization of IDEA aimed to directly mitigate disproportionality evident within
special education.

A highly debated aspect of IDEA 2004 indicates that schools may use data
derived from a student’s response to implemented interventions as a method of

determining eligibility for special education services, particularly under the eligibility



22
category of SLD.. This approach to SLD identification has been termed RTI or MTSS,

depending on the framework used. The goal of this reauthorization was to mitigate the
overidentification of students with learning disabilities in the educational setting
(Phillips, 2018; Smith, 2005). While RTI/MTSS was introduced as an additional method
that may be used in SLD identification, IDEA provided autonomy to individual states
regarding their preferred method of identification. This autonomy has paved the way for
variance among states’ approach to identifying a SLD in the educational setting. IDEA
outlines three methods of SLD identification that states may implement including (a) the
discrepancy model, (b) the processing strengths and weaknesses method, and (c) RTI.
Prior to the 2004 reauthorization of IDEA, the ability-achievement discrepancy model
and the processing strengths and weaknesses model were the two most widely accepted
methods of SLD identification. Since the 2004 reauthorization, RTI/MTSS has been
introduced and widely accepted as an additional method of identification.
Methods Used to Identify a Learning Disability

IDEA granted autonomy to individual states regarding method(s) used to identify
a learning disability; however, this law provides general guidance regarding three
methods that can be used in SLD identification within educational settings. Prior to the
reauthorization of IDEA in 2004, the discrepancy model was the predominant method
used to identify a SLD (Maki & Adams, 2019). This model, often referred to as the
ability-achievement discrepancy model, indicates that a student must present with a
significant discrepancy between cognitive ability and academic achievement. This

discrepancy is typically measured by comparing an intellectual quotient (1Q) score
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derived from a standardized, norm-referenced measure to an academic achievement
composite score derived from one or more standardized, norm-referenced assessments.
Benson et al. (2020) identify two conditions that must be met to determine whether a
severe discrepancy exists. First, measurement error cannot account for the discrepancy
between cognitive ability and achievement. Second, the severity of the discrepancy must
be considered unusual among students who do not have a learning disability. Due to
ambiguity regarding the guidance IDEA provides for this method of SLD identification,
this method is not operationally defined consistently across states.

The processing strengths and weaknesses (PSW) method is also recognized by
IDEA as an appropriate method of SLD identification. The PSW method can be
operationalized in three ways, (a) concordance/discordance approach (C/DM), (b) the
cross-battery approach (XBA), and (c) the discrepancy/consistency approach. C/DM
identifies a learning disability through an analyzation of an interindividual pattern of
concordance between academic weakness(es) and cognitive processing weakness(es), as
well as discordance between cognitive processing weakness(es) and cognitive processing
strength(s) (Miciak et al., 2014). The XBA approach differs from the C/DM approach in
that conditions required to identify a learning disability include normative deficits in
academic achievement and cognitive processing skill(s), accompanied by a
developmentally “typical” cognitive profile. The D/CM approach relies on ipsative
differences between academic achievement and cognitive processing to determine
whether discordance is present. Ipsative analysis refers to the analyzation of scores in

relation to the mean of a students’ profile of scores (McGill & Busse, 2017). In other
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words, ipsative discrepancies refer to differences in scores relative to a student’s personal
profile of scores. All operationalizations of the PSW method are admissible under IDEA.
The main differences among these methods include the relationship between academic
achievement and cognitive processing, thresholds for deficits, and method identifying a
discrepancy. These approaches to the PSW method are similar in that each approach
utilizes academic achievement and cognitive processing skills as variables to determine
whether a learning disability is present. Research has called the reliability of the PSW
method into question. This method of identification presented with lowest levels of
identification consistency (Maki & Adams, 2020; Maki, Burns, and Sullivan, 2017).
Benson et al. (2020) found that the PSW method was the most widely used method of
SLD identification according to data derived from a national survey of school
psychologists’ practices. This suggests that the most widely used method of identification
may be the most inconsistent method of identification.

The final method of SLD identification permissible under IDEA is RTI. The 2004
reauthorization of IDEA introduced RTI as an allowable SLD identification method.
Autonomy was granted to the states regarding the implementation and interpretation of
RTI, resulting in differing RTI models across the nation, as well as different approaches
to the role RTI plays in SLD identification. RTI’s role in SLD identification, as well as
past and presents research regarding this relationship is explored in the next section of
this chapter. The 2004 reauthorization of IDEA made RTI permissive as a method of
identifying a SLD; however, autonomy was left to the states and districts regarding the

interpretation and implementation of the RTI1 model. The RTI framework is designed to
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identify student who are in need of academic and/or behavioral interventions, implement
interventions with fidelity, monitor a student’s progress with the implemented
interventions, and determine effectiveness of interventions. Since RTI was added as a
permissible method of identifying a SLD, RTI data may be used to refer a child for a
special education evaluation and help make decision regarding eligibility for specialized
services. Data may also be used to help with educational planning after a student if found
eligible for services.
RTI/MTSS and Specific Learning Disability

The use of RTI/MTSS data as a method of SLD identification has been highly
debated since the 2004 reauthorization of IDEA. Various researchers question the use of
this data as the sole determinant in SLD identification (Hudson & McKenzie, 2016a;
Gartland, & Strosnider, 2020; Miciak & Fletcher, 2020), and specifically criticize the
reliance on RTI slope data (Cottrell & Barrett, 2016, 2017; Maki et al., 2020).
Quantitative and qualitative studies, as well as meta-analyses and literature reviews have
been employed over the years to explore the RTI/MTSS frameworks as a method of
identifying learning disability.
Ambiguity of SLD Identification within Educational Settings

Previous research suggests that the method(s) of identifying a learning disability
within an educational setting vary across the United States, impacting identification
consistency. Epps et al. (1984) found approximately 50% consistency in SLD decisions at
the time this study was conducted. Prior to the 2004 reauthorization, the ability-

achievement discordancy model and the processing strengths and weaknesses model were
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the two most widely accepted methods of SLD identification. Research has also
presented evidence of identification inconsistency as additional identification methods
have been permitted by IDEA 2004. For example, perspectives regarding learning
disabilities are significantly correlated with identification methods (Cottrell & Barrett,
2017). This suggests that subjective interpretations of data and evaluation results may
impact the incidence of SLD identification. Results disseminated by Maki and Adams
(2020) support this stance, as they found significant inconsistency in SLD identification
decisions related to methods of identification and student evaluation data. Maki, Burns,
and Sullivan (2017) also found low levels of decision consistency; however, significant
differences among identification methods were not found in this study. Results from
these studies bring inter-rater reliability into question when using RTI to identify an SLD.
Relationship Between RTI and SLD Identification

Although research suggests variability exists among methods of identifying a
learning disability within the educational setting, it appears that RT1 data is currently the
most widely used method (Benson et al., 2020; Maki & Adams, 2018), with processing
strengths and weaknesses and 1Q-achievement discrepancy method following
consecutively. While extraneous factors such as fidelity and an educational
implementation gap may influence the data collected via RTI, research suggests that RTI
slope is not a reliable method of determining SLD in the educational setting. Fletcher
(2019) proposed an alternative to the employment of slope in SLD identification, as they
suggest comparing the last progress monitoring data point to a standard, such as a

benchmark assessment. The response to the implemented interventions would be
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determined via this comparison. Data collection is not the only debated topic within this
framework, as concerns regarding due process protections and child-find responsibilities
are also presented discussed among present research (Hudson & McKenzie, 2016a). Time
spent in a tiered system of support is often debated because it may hamper timely
identification of a learning disability. However, some research indicates that RTI is an
effective framework through which students’ academic and behavioral needs can be met
(Wingate et al., 2018); providing a foundation for determining whether a student requires
specialized services. In finding a student eligible for special education services, the
eligibility team must determine if the student presents with a disability, and whether the
student requires specialized instruction. To answer this question, general education
resources must be exhausted and prove to be ineffective. Progress monitoring data
collected via RTI is an effective tool in answering this eligibility question; however,
conflicting views of RTI and its use in identifying a learning disability persist.

Gartland and Strosnider (2020) also critique the use of RTI as a sole method of
evaluation, as they note that learning disabilities are defined as neurobiological in nature
and involve deficits in one’s psychological processes. Due to the academic nature of RTI,
these data may be a faulty method of identifying a child’s processing deficits. While
many believe that RTI data should be used in tandem with other evaluation methods to
identify SLD, research indicates that RTI data should not be used as the sole determinant
(Hudson & McKenzie, 2016a; Gartland, & Strosnider, 2020; Miciak & Fletcher, 2020).
This means that the overwhelming consensus within current research suggests that

multiple sources of data collection should be used to identify a learning disability.
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Berkeley et al. (2020) indicate that this perspective is shared by much of the United

States, as two-thirds of the states do not support SLD identification through a tiered
approach alone, rather these states prefer to use the tiered approach in addition to formal
testing results. This may be the result of a lack of clarity regarding the psychometric
integrity of treatment-based diagnoses based on tiered models, as this method may not
satisfy statutory regulations. Furthermore, Hudson and McKenzie (2016a) highlight the
specificity of IDEIA section 300.304, as it states that a special education evaluation must
incorporate, “...a variety of assessment tools and strategies...and cannot rely on any
single procedure as the sole criterion for determining eligibly for special education.” This
raised many questions regarding the fidelity of eligibility determination in the 17 states
that require RTI as the sole or primary method of identifying SLD (Hauerwas, Brown, &
Scott, 2013).

In terms of limitations, it is noted that the fidelity of implementation and
effectiveness of interventions influence the quality of the RTI data. As such, the
reliability of these data may be at stake. Furthermore, the timeline for implementing
interventions and collecting data may hamper the evaluation process. Some researchers
argue that the requirement to collect RTI data may delay the referral of a student as a
means of meeting the 60-day timeline mandated by the U.S. Department of Education
(Gartland & Strosnider, 2020; Hudson & McKenzie, 2016a). Research also suggests that
RTIl and SLD do not share a significant relationship. Although Maki and Adams (2020)
found that RTI derived the most consistent SLD identification decision, Maki et al.

(2020) found that RT1 slope data were not a significant predictor of SLD identification
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among secondary data derived from midwestern states. Although this study is limited by
small sample size, Barrett et al. (2021) came to the similar conclusions, as they found that
RTI slope was not a significant predictor of SLD. It seems that recent research has
concluded that RT1 slope is not a significant predictor of a learning disability; however,
research has not determined whether RTI data calculated using alternative method
introduced by Fletcher (2019), in which the last RTI progress monitoring data point is
compared to a standard. This raises the question of whether the correct calculation of RTI
data is being employed to determine SLD within the educational setting.
Variability of RTI/MTSS Implementation and Interpretation Across States

Fuchs and Fuchs (2009) suggest that a unified model of RTI across the nation is
the only definitive method of ensuring a reduction in variability regarding the
interpretation and implementation of RTI, as ambiguity within RTI continues to blur the
understanding of this framework’s effectiveness (Berkeley et al., 2009; Berkeley et al.
2020; Hudson & McKenzie, 2016b). Hudson and McKenzie (2016b) found that state
policies vary in the requirement of RTI in SLD identification, communication with
parents of students receiving RTI support, and method of student referral for evaluation.
Due to variation across many states’ RTI policies, it has been difficult to research the true
impact of RTI on SLD identification across multiple settings.

Berkeley et al. (2009) published a systematic review of each of the 50 United
States’ interpretation and implementation of RTI. This review took place one year after
the IDEA 2004 reauthorization regulations went into effect in 2006. Results suggested

that 15 states adopted and established a concrete RTI model, while 22 states were in the
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development phase of adopting this model. Results also suggested that 10 states were
providing general guidance to schools and districts regarding implementation; however,
three states had not begun the process of development or adoption of this model one year
after RTI was officially added to IDEA regulations. Zirkel and Krohn (2008) conducted a
similar study one year after the 2004 reauthorizations went into effect and found that only
four states (Colorado, Georgia, Delaware, and West Virginia) required RTI in SLD
identification. By 2008, six states (Colorado, Georgia, Delaware, West Virginia, Indiana,
and lowa) reported to require RT1 in SLD identification prohibit the discrepancy model.
Twenty-six states reportedly permitted the use of both RTI and the discrepancy model,
and 10 states permitted the use of research-based alternatives in SLD identification.
Results from these studies suggest that using RTI as the sole determinate of eligibility
was a clear outlier in the few years following the 2004 reauthorization of IDEA.
Berkeley et al. (2020) conducted another systematic review in 2017 to explore the
interpretation and implementation of an RTI model within each of the 50 United States.
Findings suggested that 39 states had an established RTI or MTSS model in place, and
eight states provided general guidance for interpretation and implementation without a
rigid model. The three remaining states did not provide enough information through their
Education Agency websites to determine their interpretation or implementation of the
model. This suggests that, within the past decade, an additional 24 states developed and
published a concrete model for implementation. Of the 50 states that were identified as
having a developed model or general guidance for a model, 21 states identified their

models as a multi-tiered system of support (MTSS), while 17 states identified their model
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as a response to intervention (RTI). Five states used the terms interchangeably, and four
states established a unique model that was not termed MTSS or RTI. It appears that a
prominent difference in data derived from the Berkeley et al. (2009) study compared to
the data derived from the Berkeley et al. (2020) study was the shift of language used to
describe the tiered system of support identified in state policy/guidelines. Many states
shifted from an RTI model to an MTSS model. While the terminology used to describe
the framework implemented does not provide definitive distinctions between the
interpretation and implementation of these models, states that claimed an MTSS
framework made a clear reference indicating that their model was different from RTI.
These states claimed that an MTSS model provides more varied supports for students to
address both academics and behavior. It appears that states’ policies were intentional
about the terminology used to describe their tiered system of support.

The 2015 reauthorization of the Elementary and Secondary Education Act,
commonly referred to as Every Student Succeeds Act, is credited with the longitudinal
shifts in multitiered systems of support throughout the nation (Berkeley et al. 2020). For
example, Georgia was one of 22 recipients of States Professional Development Grants
provided by the federal Office of Special Education Programs (OSEP) between 2015 and
2017. Georgia used the funds to reportedly move away from an academic based model to
a model that supported both academic and behavioral needs. Regarding the roles of
RTI/MTSS in special education evaluation, two-thirds of the states do not support SLD
identification through a tiered approach alone (Berkeley et al. 2020), rather these states

prefer to use the tiered approach in addition to formal testing results. Although Georgia
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was identified as employing RTI alone for eligibility purposes in 2007, the Georgia

Department of Education (n.d.) presently indicates that eligibility determination for the
special education category of SLD must be dependent upon data collected from various
sources including two current assessments, teacher input, progress monitoring data
derived from a minimum 12 weeks of interventions implemented via RTI, and a
comprehensive evaluation of intellectual development. This suggests that Georgia’s
regulations regarding eligibility determination have shifted from RTI as the sole
determinant (Berkeley et al. 2007) to RTI as one of many sources of data used to
determine eligibility, as have many other states.

Most recently, Zhang et al. (2023) conducted a nationwide analysis of state
identified tiered system of support based on information provided on each state’s DOE
website. Result from this study suggest that the shift from RTI to MTSS continues across
the nation. Via analyzation of each state’s DOE website, Zhang et al. (2023) found that
40 states identified MTSS as the statewide framework, five states used a unique term that
did not include RTI or MTSS, and five states used RTI and MTSS interchangeably.
These findings suggest that RTI alone is no longer being used by any states to describe
their multi-tiered framework.

Academic Achievement and Specific Learning Disability

The discrepancy model was utilized as the sole method of learning disability
identification across the United States until 2004 (Benson et al., 2020). This suggests that
academic achievement has been a component used in learning disability identification

since the 1975 passage of Public Law 94-142. The overidentification of students with
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learning disabilities in the educational setting has remained a concern for many years, and
researchers have questioned whether the discrepancy model may contribute to
overidentification (Smith, 2005; Benson et al., 2020). From 1977 to 2004, the
discrepancy model was the cornerstone for SLD identification, suggesting that cognitive
ability and academic achievement were the key factors in SLD identification. The 2004
reauthorization of IDEA aimed to mitigate overidentification by introducing additional
methods of identification that could be used alongside the discrepancy model and
academic achievement.

Academic achievement has been a used for decades to help identify learning
disabilities; however, various researchers have called the reliability and validity of the
discrepancy model and academic achievement data into question (Francis et al., 2005;
Miciak et al., 2015; Stuebing, Fletcher, & LeDoux, 2022). Regardless, the low
achievement and discrepancy model methods are continually employed to identify the
presence of a learning disability within the educational setting. While many researchers
agree that academic achievement cannot be used as a sole determinant in learning
disability identification (Barrett et al., 2021; Francis et al., 2005; Maki & Adams, 2020;
Maki et al., 2021; Miciak et al., 2015; Stuebing, Fletcher, & LeDoux, 2022), research has
not yet led to a unanimous formula for identifying a learning disability.

Quantitative Relationship Between Achievement and SLD

Research suggests that academic achievement is a significant predictor of learning

disability identification (Barrett et al., 2021; Maki & Adams, 2020; Maki et al., 2021) via

logistic regression analysis. Researchers also claims that SLD identification is dependent
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upon the method of identification (Maki et al., 2015). This fuels ongoing contention
regarding the influence of clinical judgement on learning disability identification
(Schroeder, Drefs, & Cormier, 2017). Maki, Burns, and Adams (2017) support this stance
as they highlight the inconsistency in diagnostic criteria used by psychologists.
Furthermore, research has found that differences in achievement measures significantly
influence SLD identification. Results from a study conducted by Miciak et al. (2015)
indicated that agreement across the two batteries with differing achievement measures
was low, suggesting that the identification of a learning disability differed between
batteries. Low agreement was found in specific academic domains (basic reading, reading
fluency, and reading comprehension). This means that a student may have been identified
as presenting with basic reading deficits on one instrument, but then be identified as
presenting with reading comprehension deficits on another instrument. Miciak et al.
(2015) claimed that identification methods that rely on fixed achievement cut points are
unstable. Low consistency across achievement measures and fixed cut points were shown
to be problematic in reliable SLD identification. Achievement plays a significant role in
SLD identification; however, it cannot be solely indicative of a learning disability due to
various issues including instability, issues with reliability and validity, and issues
regarding subjectivity of measures.
Issues Regarding Academic Achievement as a Sole Determinant of SLD

Researchers have attempted to determine which variables are most predictive of
SLD. For example, academic achievement was found to be a significant predictor of SLD

identification (Barrett et al., 2021; Maki & Adams, 2020; Maki et al., 2021), however,
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many researchers suggested that academic achievement cannot be used as a sole
determinant of SLD identification (Barrett et al., 2021; Francis et al., 2005; Maki &
Adams, 2020; Maki et al., 2021; Miciak et al., 2015; Stuebing, Fletcher, & LeDoux,
2022). Research also indicates that the use of the 1Q-achievement discrepancy model may
lead to the over-identification of a learning disability in upper levels of 1Q and under-
identification in lower levels of 1Q, due to the failure to adjust for moderate correlation
between 1Q and achievement (Francis, 2005). This issue is magnified when specific cut-
points are employed because natural discontinuity in achievement distribution is not
present. These limitations suggest that academic achievement data should be used in
tandem with other data sources when identifying a learning disability.

Some researchers claim that reliance on academic achievement and low
achievement definitions of learning disabilities are unreliable due to instability over time
(Francis et al., 2005; Miciak et al., 2015). There is also concern regarding ambiguity of
cut points. When specific cut-point are employed, natural discontinuity in achievement
distribution is not present. A stance that is shared by Miciak et al. (2015). As such,
Francis et al. (2005) conducted a study to determine the stability of 1Q-discrepancy and
low-achievement identification of a learning disability. Francis et al. (2005) hypothesized
that groupings formed with real 1Q and achievement data was present with a similar
degree of instability as simulated data. Results derived from the simulated data indicated
instability over time. Similarly, the same problem was found in the results derived from
the actual data. This suggests that SLD identification solely based on individual

achievement scores can lead to invalid decisions.
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Ambiguity regarding the academic achievement measure utilized in a special
education evaluation may also impact SLD identification. Federal and state law do not
mandate specific achievement instruments that may be used in an evaluation; the
individual instruments used by the evaluator are subjectively chosen. Because a learning
disability can be identified within the subject areas of reading, math, and writing, most
achievement measures are relatively synonymous; however, research suggests that the
achievement measure may influence the identification of a learning disability. Miciak et
al. (2015) found instability in learning disability identification among students
administered psychoeducational batteries that utilized differing achievement assessments.
The achievement measure used to identify a learning disability may influence learning
disability identification in the educational setting. It should be noted that this study
utilized the PSW method of learning disability identification; therefore, the identification
rates were also impacted by cognitive processing scores. This suggests that while
definitive disagreement between academic achievement results were present and played a
role in disagreement across learning disability identification, cognitive ability also played
arole in this identification.

Cognitive Ability and SLD

Cognitive ability has been a component of learning disability identification for
many decades. It plays a role in the discrepancy model as well as the Processing
Strengths and Weaknesses (PSW) method of identification. This method of identification
is allowable under IDEA’s “alternative research-based methods” found in P.L. 108—446,

300.307. This method of identification has been supported and scrutinized over the years,
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as have many other methods of learning disability identification. Because cognitive
ability is a major component of two widely used methods of learning disability
identification, it has been included in past and present research within this field of study.
Measuring Cognitive Ability

Various evaluation instruments have been developed over the years to measure
cognitive ability. The Sandford-Binet Intelligence Scale (SBIS) was developed in 1916
and served as the first widely used method of measuring intelligence. This instrument
derived a singular intelligence quotient (IQ) score which was categorized as “average” or
“superior”. The Wechsler-Bellevue Intelligence Scales (WBIS) was later produced and
catalyzed the use of intra-individual or ipsative analysis to better understand the pattern
of scores derived from the 11 subtests (Zaboski, Kranzler, & Gage 2018). The ipsative
method of analysis is often used as a method of identifying cognitive processing strengths
and weaknesses according to the PSW method.

Within the past decade, the Cattell-Horn Carroll (CHC) theory became the mostly
widely accepted theory of cognitive abilities used by test developers (Zaboski et al.,
2018), and many of the present-day measures of intellectual functioning employ this
theory of intelligence. Developed by Raymond Cattell, John Horn, and John Carroll, this
theory presents a three-stratum theory regarding the measurement of an individual’s
intelligence. This theory consists of interrelated cognitive processing domains that are
believed operate together and define intelligence, also known as global intelligence (G).
The CHC theory integrates the Horn-Cattell theory of fluid and crystalized ability and

Carroll’s three stratum theory (Zaboski et al., 2018; Caemmerer et al. 2020). Stratum | is
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identified as psychometric g, which is measured by every cognitive ability category to
some extent. Stratum Il consists of broad cognitive abilities that are used to determine
global intelligence, or g. These ability domains include crystalized knowledge (Gc), the
breadth and depth of learned information, fluid reasoning (Gf), the ability to solve
problems using novel information, visual-spatial processing (Gv), the ability to process
visually-based information, short-term or working memory (Gsm/Gwm), the ability to
hold information in immediate awareness and manipulate it, processing speed (Gs), the
ability to complete simple tasks quickly, and long-term retrieval (Glr), the ability to
retrieve previously stored information. In identifying a learning disability, each of these
cognitive processing domains are measured and taken into consideration when the PSW
model is employed. Stratum Il of the CHC theory consists of more than 80 narrow
cognitive abilities that contribute to the broad abilities.
Relationship Between Cognitive Ability and SLD

Cognitive ability is a data source that has been used since 1975 to help identify a
learning disability. The discrepancy model employs a standardized measure of cognitive
functioning and an academic achievement score to determine whether a discrepancy
exists between the two scores. The tandem use of cognitive ability and academic
achievement has long been accepted as method of learning disability
identification.Zaboski et al. (2018) conducted a meta-analysis to explore the nature of this
relationship. After conducting a systematic review of literature published between 1988
and 2015, they found that g and each of the broad areas housed within stratum Il of the

CHC theory are substantially related to academic achievement. Zaboski et al. (2018)
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indicated that g explained over 50% of the variance in academic achievement. This
suggests that literature published over many decades found that a relationship exists
between cognitive ability, as defined by the CHC theory, and each area of academic
achievement identified by federal law (e.g. basic reading, reading fluency, reading
comprehension, math computation, math reasoning, and written expression). Some
quantitative research has explored the relationship between cognitive ability and learning
disability identification via logistic regression. For example, Maki et al. (2020) found that
cognitive ability was not a significant predictor of a learning disability, while academic
achievement was found to be a significant predictor. This may support the use of the
discrepancy model as a method of learning disability identification, as this model
employs cognitive ability and academic achievement in determining a learning disability.
Research regarding the reliability of methods of identification may also provide
insight into the relationship between cognitive ability and learning disability
identification. Maki and Adams (2020) found that Response to Intervention (RTI) led to
more consistent SLD identification decisions compared to the ability-achievement
discrepancy model. The pattern of cognitive strengths and weaknesses (PSW) method
displayed the lowest levels of consistency. These findings are interesting, as RTI data
have not been found to be a significant predictor of a learning disability in past research;
however, it was found to lead to the most consistent decisions. Furthermore, academic
achievement and cogpnitive ability have been identified as significant predictors of a
learning disability; however, the discrepancy model and PSW method were found to have

lower levels of consistency. This suggests that while achievement scores and cognitive
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ability may be predictors of a learning disability in isolation, the tandem use of these data
sources within models of identification are not considered reliable methods of identifying
a learning disability. One must also consider externalizing factors that may have
impacted the results of this evaluation, as differing operationalizations of the PSW
method may have impacted the consistency of decisions. Overall, cognitive ability is, in
many ways, synonymous with academic achievement regarding learning disability
implications. While cognitive ability appears to be less researched than academic
achievement, it was found to be a significant predictor of a learning disability. However,
the reliability of the methods that take cognitive ability into consideration remains in
question due to low consistency levels.
Disproportionality in SLD

Disproportionality exists in SLD identification within the educational setting and
was a catalyst for the 2004 reauthorization of IDEA. Disproportionality in special
education extends beyond racially, ethnically, and linguistically diverse students. This
phenomenon also exists among gender, as males are 1.7 to 2.7 times more likely to be
identified with a learning disability than females (Bal et al, 2014). Shifrer et al (2011)
indicate that gender disproportionality is minimally researched which may be partially
attributed to the previous evidence that suggests biological differences cause males to be
more prone to developing learning disabilities and females to retain more advanced
coping mechanisms for such disabilities. While biological differences exist between
males and females, many argue that implicit bias of educators and educational policies

may also play a role in gender disproportionality (Coutinho, Oswald, & Best, 2002).
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Regardless of the origin, disproportionality of gender exists in special education,
especially within high incidence categories such as SLD (Coutinho &Oswald, 2005).

Efforts to mitigate disproportionality begin with prevention methods, such as RTI.
Like claims made by Phillips (2018), Coutinho and Oswald (2005) cite the No Child Left
Behind Act of 2001 as a factor that may inadvertently influence an overall push for
widespread special education services. This suggests that deliberate or inadvertent bias of
educators and/or educational policies responsible for referring students may play a role
gender disproportionality. Barrett et al (2022) found no relationship between gender and
the linguistic inquiry and word count of psychoeducational reports, suggesting that
educational bias may not be rooted in the psychoeducational reports written after referral
and evaluation of students. These findings may support the claim that gender
disproportionality begins with the referral process. Coutinho and Oswald (2005), as well
as Shifrer (2011) indicate that males are at and increased risk of being identified under
the special education category of Specific Learning Disability (SLD).

Coutinho and Oswald (2005) conducted a study to determine gender odds rations
for the United States. They found that gender odds ratios for students identified with a
learning disability was 2.04 regarding the nation. Suggesting that boys are more than
twice as likely to identified with a learning disability compared to girls. Gender odds for
each state indicate overrepresentation of boys for every state, with Georgia representing
the highest disproportionality of boys identified with a learning disability at 2.59.
Conversely, lowa was found to have the lowest odds of disproportionality among gender

at 1.73. Regionally, the highest odds of learning disability disproportionality were found
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in the southern region of the United States, while the lowest odds of disproportionality
were found in the Northeastern region. Furthermore, this study found a significant and
strong relationship between odds ratios and identification rate of learning disability
identification within special education. If gender disproportionality truly exists as a result
of prevention methods and the referral process, then the RTI framework may play a role
in this disproportionality. Individual states have the autonomy to determine the
interpretation and implementation of the RTI framework; therefore, this framework is not
homogenous across the United States. As such, differentiations of the RTI framework
among states may contribute to gender disproportionality within learning disability
identification.
Concerns for Overidentification within SLD

Concerns regarding the overidentification of students who qualify for special
education services under SLD has remained a hot-button issue for decades, as this
eligibly category accounts for the highest number of students served under special
education law. The National Center of Educaitonal Statistics (2022) indicates that during
the 2020-2021 school year 7.2 million students in the United States were receiving
special education services under the eligibility category of SLD. Students classified
underSLD represent 33 percent of students receiving special education services
nationwide. This suggests that SLD is the most common eligibility category under which
students are receiving special education services. Due to the number of students receiving
special education services, and therefore federal funds under the eligibility of SLD law

makers found it necessary to reauthorize IDEA in 2004 to help mitigate the
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overidentification and disproportionality of students represented under this eligibility
category (Phillips, 2018). A prominent study conducted by Hosp and Reschly (2003)
found that African American students and Hispanic students are referred for special
education at a higher rate that Caucasian students. Furthermore, African American
students are found to be eligible for special education at a higher rate that Caucasian and
Hispanic students. More than a decade later, Bal, Sullivan, and Harper (2014) also found
that the risk of overidentification was greatest for African American, American Indian,
and low-income students. This suggests that disproportionality may be related to various
diversity factors including race, socioeconomic status, and even gender (Coutinho &
Oswald, 2005). Furthermore, Maki at al. (2020) found that race/ethnicity and
free/reduced lunch status were significant predictors of SLD identification, suggesting
that socioeconomic variables influenced SLD identification in this study.
Overidentification may be the result of various interrelated, as well as unrelated
factors. The lack of diversity training among educators accompanied by the increasing
numbers of minority students entering the United States education system poses a risk to
culturally sensitive evaluation and assessment, a concept concretely outlined by the
National Association of School Psychologists (NASP) ethics code. Educational practices
and assessment problems also appear to play a role in this over-identification. For
example, testing accountability promoted by the No Child Left Behind Act of 2001.
Students receiving special education services are not always required to take state-
mandated tests; therefore, to decrease depressed scores, school systems continue pushing

special education eligibility for low achieving students. While this may not implicate
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minority student specifically, this educational practice promotes a culture of
overidentification.

Alongside assessment issues, Phillips (2018) highlights a possible lack of
prevention efforts implemented prior to evaluation. Prevention practices often refer to an
RTI framework, which is not interpreted or implemented homogenously throughout the
United States. Finally, Phillips (2018) notes other extraneous factors that may contribute
to overidentification are faults in the multidisciplinary assessment process such as
misinterpretation of scores and variation in the measures administered. Research has also
revealed that assessment instrument selection may have a significant impact on SLD
identification (Miciak et al., 2015).

Summary and Conclusions

Research has indicated that identifying SLD is difficult to achieve (Reschly &
Hosp, 2004; Hudson & McKenzie, 2016; Gartland, & Strosnider, 2020; Miciak &
Fletcher, 2020). One reason for this difficulty is the ambiguity of the language used in
IDEA’s guidance on SLD identification. This law grants autonomy to individual states
regarding the method used to identify a SLD. As such, states use a variety of
identification methods (i.e., RTI/MTSS, discrepancy model, processing strengths and
weakness (PSW) method). Further, each method assesses SLD using different
combinations of variables (e.g., RTI/MTSS data, academic achievement scores, cognitive
ability, or some combination of variables).

In addition to allowing states to use RTI/MTSS in SLD identification, the 2004

reauthorization of Public Law 94-142 further allowed states autonomy regarding the
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interpretation and implementation of the chosen framework (i.e., RTI model, MTSS
model, RTI/MTSS model, other). Due to these differences, SLD identification has
become convoluted and highly debated, and it is unclear as to what methods
and/variables best predict SLD.

Researchers have attempted to determine which variables are most predictive of
SLD. For example, academic achievement was found to be a significant predictor of SLD
identification (Barrett et al., 2021; Maki & Adams, 2020; Maki et al., 2021); however,
many researchers suggested that academic achievement cannot be used as a sole
determinant of SLD identification (Barrett et al., 2021; Francis et al., 2005; Maki &
Adams, 2020; Maki et al., 2021; Miciak et al., 2015; Stuebing, Fletcher, & LeDoux,
2022). RTI/MTSS data appear to be the most widely used method of identifying a
learning disability (Benson et al., 2020; Maki & Adams, 2018); however, research
suggested that it is not a significant predictor of SLD identification within the educational
settings (Maki et al., 2020; Barrett et al., 2021). In sum, the relationships between RTI
data, cognitive ability, academic achievement, identification methods, and learning
disability identification have been studied extensively in recent years (Barrett et al., 2022;
Berkeley et al., 2020; Gartland, & Strosnider, 2020; Hudson & McKenzie, 2016; Maki &
Adams, 2020; Maki et al., 2020; Miciak & Fletcher, 2020; Reschly & Hosp, 2004);
however, the role of state identified RTI/MTSS model in SLD identification is not clear.
Furthermore, the relationship between the predictor variables and SLD identification has
not been explored among all 50 states. This study utilized secondary data in a multiple

regression analysis to help close these gaps in current literature.
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Chapter 3: Research Method

The purpose of this quantitative study was to examine the influence of state
identified tiered support system model, RTI approach, academic achievement,
free/reduced lunch status, and state identified method of identifying a learning disability
on the incidence of SLD identification within each state. This research utilized a cross-
sectional design using archival data derived from various sources including the National
Center for Education Statistics (2022a), Zhang et al. (2023), Open Data Platform (2022),
and The Nation’s Report Card (2022), which cites NAEP as a major contributor to their
data collection. This study aimed to help determine the degree to which the selected
variables predict the likelihood of statewide SLD identification for each state across the
nation. This chapter will explain the research design and rationale, methodology, data
analysis plan, threats to validity, and ethical considerations.

Research Design and Rationale

The research design of this study was a cross-sectional design using public
domain published records. Multiple linear regression analysis was performed to address
the research question (Warner, 2013). The research design used is consistent with designs
utilized in this field of research (Barrett et al., 2021; Maki & Adams, 2020; Maki et al.,
2021). Further, access to archival data made the data gathering process efficient.
However, | was constrained in the choice of the variables that were included in the
dataset (National Center for Education Statistics, 2022a; The Nation’s Report Card, 2022;

Open Data Platform, 2022; Zhang et al., 2023).
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Research Question and Hypothesis
RQ: To what extent does tiered system of support model, RTI approach, state-wide
academic achievement, free/reduced lunch status (state-wide percentage) and SLD
identification method predict statewide incidence of SLD identification?
Hol: Tiered system of support model, RTI approach, state-wide academic
achievement, free/reduced lunch status (state-wide percentage) influence the
incidence of statewide SLD identification.
Hal: Tiered system of support model, RTI approach, state-wide academic
achievement, free/reduced lunch status (state-wide percentage) do not influence
the incidence of statewide SLD identification.
Methodology
Population
This study examined statewide data from all 50 states and the District of
Columbia. The whole population was represented by the findings of this study. As such,
sampling procedures were not utilized for this study.
Archival Data
Secondary data were collected from various sources including the National Center
for Education Statistics (2022a), Zhang et al. (2023), Open Data Platform (2022), and

The Nation’s Report Card (2022). Please see Table 1.
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Table 1

Variables and Scales of Measurement

Variable Name Source Scale of Categories
Measurement

Criterion (DV)

Percentage of students National Center for Education Interval N/A

receiving SLD services Statistics (2022a); Open Data

statewide Platform, (2022).

Predictors (1V)

Statewide math The Nation’s Report Card (2022b) Ratio N/A

achievement

The Nation’s Report Card (2022b) Ratio N/A

Statewide reading

achievement

RTI Model Zhang et al., (2023) Nominal 0 = Other
1= RTI/MTSS
2=MTSS

Percentage of students National Center for Education Ratio N/A

receiving free/reduced Statistics. (2022a)

lunch

Method of identifying Zhang et al., (2023) Nominal 0=NS

SLD 1=R,0
2=R|,0

RTI Approach Zhang et al., (2023) Nominal 0=PS
1=SP
2=H
3=BP

The statewide percentage of students identified with a SLD (dependent variable)
was calculated via excel using number of students enrolled statewide (National Center for
Education Statistics, 2022a) and number of school age children served statewide under
SLD (Open Data Platform, 2022). These data are accessible via public archival records;
therefore, institutional permissions were not necessary.

Statewide reading and math academic achievement (independent variable) data
were derived from The Nation’s Report Card (2022). This data represents the statewide
average scaled scores of fourth grade students who were administered the NAEP. These

data points are interpreted via scaled scores ranging with 0 to 500. According to the
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Nation’s Report Card (2022), the NAEP has provided the most nationally representative

measure of statewide student achievement since 1969. This assessment is a standardized
measure; therefore, insuring reliable comparisons of student achievement in reading and
math across states. These data are accessible via public archival records; therefore,
institutional permissions was not necessary.

Statewide percentage of students receiving free/reduced lunch (independent
variable) was derived from National Center for Education Statistics. (2022a). These data
are accessible via public archival records; therefore, institutional permissions were not
necessary.

State identified method of identifying a learning disability (independent variable)
state identified tiered support system model (independent variable), and RTI approach
(independent variable) was derived from a comprehensive review of each state’s DOE
website conducted by Zhang et al. (2023). These data are accessible via public archival
records; therefore, institutional permissions were not necessary.

Data Analysis Plan
| used SPSS version 28 to analyze the data via standard multiple regression
analysis. This data analysis plan was used to answer the research question:
¢ RQ: To what extent does tiered system of support model, RTI approach, state-
wide academic achievement, free/reduced lunch status (state-wide percentage)
and SLD identification method predict statewide incidence of SLD identification?
o Hol: Tiered system of support model, RTI approach, state-wide academic

achievement, free/reduced lunch status (state-wide percentage) influence
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the incidence of statewide SLD identification.

o Hal: Tiered system of support model, RTI approach, state-wide academic
achievement, free/reduced lunch status (state-wide percentage) do not
influence the incidence of statewide SLD identification.

This approach helped explain the variance in the dependent variable (percentage of
students receiving SLD services statewide) is explained by the independent variables.
This approach also examined the amount of unique variance each independent variable
explains.

Preliminary analyses were used to check the assumptions of multiple regression
analysis. The whole population was represented by the data in this quantitative study;
therefore, sampling procedures were not necessary. Because the whole population is
represented, assumptions of sample size were not applicable, although a post hoc power
analysis was conducted to minimize the risk of Type 2 error (Warner, 2013). The
assumption of multicollinearity was checked in the preliminary analysis. I also checked
the assumptions of normality and outliers by examining the normal probability plot of the
regression standardized residuals and the scatterplots provided by the SPSS output.

The SPSS output from the multiple regression analysis was used to report the
amount of variance explained by the overall model. | evaluated each of the independent
variables to determine which independent variables included in the model contribute to
the prediction of the dependent variable. A significance level of .05 was used to
determine the significant of the unique contribution of each variable. Semi partial

correlations coefficients were also examined to better understand the relative
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contributions of each of the predictors (Warner, 2013).
Threats to Validity

A possible limitation of the chosen research design includes internal validity, as
secondary data are often subject to this limitation. Use of secondary data results in a lack
of control over the data provided. The reliability and accuracy of the data provided may
also be of concern, as | cannot guarantee the archival data was collected with fidelity.
Finally, the limitations of using existing data means that potentially important or
confounding variables cannot be included (Kumara, 2022).
Ethical Considerations

| recognize that ethical considerations with regard to public domain archival data
are not as extensive as those in collecting primary data. However, upon approval of the
research proposal (approval no. 03-26-24-1125146, | followed the Walden IRB’s
guidelines for accessing, storing, and using secondary data. The data | obtained is
aggregate data, such that no individual identifiers were obtained. Masking is not a
consideration as no specific institutions are named, other than the described national data
sources.

Summary

In sum, this quantitative study employed multiple regression analysis to measure
the influence of the predictor variables on statewide incidence of SLD identification. The
results of this study may contribute to clarifying the methods and variables that
significantly influence the incidence of SLD identification across states. Results may help

promote the accuracy, efficiency, and efficacy of SLD identification methods.
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Furthermore, results derived from this study may provide a better understanding of the

variability among SLD identification across the nation.
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Chapter 4: Results

The purpose of this quantitative study was to examine the influence of state
identified tiered system of support model, RTI approach, statewide academic
achievement, free/reduced lunch status, and state identified method of identifying a
learning disability on the incidence of SLD identification within each state. The research
question was “To what extent does tiered system of support model, RTI approach, state-
wide academic achievement, free/reduced lunch status (state-wide percentage) and SLD
identification method predict statewide incidence of SLD identification?” This chapter
explains the descriptive statistics of the sample, evaluate statistical assumptions as
appropriate to the study, include tables and figures to illustrate results, and provide a
summary of the findings.

Data Collection

The archival data used for this study were collected during the 2021-2022 school
year. | was able to access most of this data as planned via public archival records from
The Nation’s Report Card (2022), National Center for Education Statistics (2022a), Open
Data Platform (2022), and Zhang et al. (2023); however, four data points were not
included in the archival data derived from these sources. The total number of students
enrolled in Alaskan public school and the percent of Alaskan students with free reduced
lunch status during the 2021-2022 school were not included in the data set provided by
National Center for Education Statistics (2022a). | was able to access this data via
Alaskan Department of Education & Early Development (2022). The number of students

in lowa receiving SLD special education services during the 2021-2022 school was also
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not included in the data set provided by Open Data Platform (2022). | was unable to

locate a reliable source that provided this information. As such, the percentage of
students identified as with a SLD could not be calculated for the state of lowa. Finally,
the RTI approach used by the District of Columbia was not included in the dataset
provided by Zhang et al. (2023). This information was accessed via D.C. Municipal
Regulations (2024).

Demographic Characteristics of the Population

Overall, during the 2021-2022 school year, the number of students enrolled across
all 50 states ranged from 80,388 to 5,870,925. The lowest student enrollment was in
Vermont, and the highest enrollment was in California. Mean enroliment was 930,065.04
(SD = 1134992.16), and this was somewhat positively skewed (skewness = 3.074) and
substantively positively kurtotic (kurtosis = 10.816). The four states with lowest
enrollment were Vermont, District of Columbia, Wyoming, and North Dakota ranging
from 80,388 to 112,680. The four states with highest enrollment were New York, Florida,
Texas, and California, ranging from 2,414,354 to 5,870,925.

The number of students identified with a SLD during the 2021-2022 school year
ranged from 4,262 to 280,489. Mean number of students identified with a SLD was
46,242.28 (SD = 54587.92). Total number of students identified with a SLD was
somewhat positively skewed (skewness = 2.523) and substantively positively kurtotic
(kurtosis = 7.268).

Descriptive Statistics for the Analyses

Frequency distributions of the categorical variables were examined for RTI
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Method, SLD and RTI Approach. Of the 50 states and district of Columbia, 41 states

(80.4%) use an MTSS model, five states use a combination of RTl and MTSS, and five
states use a different model. Regarding SLD Identification method, 27 states allow the
use of RTI data (52.9%), 1Q-discrepancy, and/or other methods, 22 states allow the use of
RTI data and/or other methods (43.1%), and two states do not specify any specific
methods of identifying a SLD. Regarding RTI approach, 36 states employ the problem
solving approach, three states employ standard treatment protocol, one state employs a
hybrid of the problem solving approach and the standard treatment protocol, five states
use a best practice approach, and sic states do not specify a specific approach. These
results are presented in Table 2.

Table 2

Frequency Distributions for Categorical Predictor Summary Scales

Frequency Percent
RTI Model
Other 5 9.8
RTI/MTSS 5 9.8
MTSS 41 80.4
SLD ldentification
Not Specified 2 3.9
RTI/Other 22 43.1
RTI/1Q/Other 27 59.2
RTI Approach
Not Specified 6 11.8
Problem Solving 36 70.6
Standard Protocol 3 5.9
Hybrid 1 2.0
Best Practices 5 9.8

Descriptive statistics of the continuous variables were examined. The dependent

variable, statewide percent of students identified with a SLD, was calculated using total
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number of students enrolled and total number of students identified with a SLD
statewide. The independent variables of statewide math and reading achievement were
measured using average scaled scores of fourth grade students who were administered the
National Assessment of Educational Progress (NAEP). Math achievement scores ranged
from 221 to 243 with a mean of 234.35 (SD = 5.283). Statewide math achievement was
somewhat negatively skewed (skewness = -.551) and somewhat negatively kurtotic
(kurtosis = -.425). Reading achievement scores ranged from 202 to 227 with a mean of
215.55 (SD =5.213). Statewide reading achievement was somewhat negatively skewed
(skewness = -.328) and somewhat positively kurtotic (kurtosis = .535). Statewide
percentage of students receiving free reduced lunch ranged from 20.80% to 99.60% with
a mean of 44.03% (SD = 14.98). This data was somewhat positively skewed (skewness =
1.112) and somewhat positively kurtotic (kurtosis = 2.664).

Descriptive statistics of the dependent variable, statewide percent of students
identified with a SLD, were run using the raw percent, as well as using the percents
rounded to four decimal places. Descriptive statistics of the raw percents had a mean of
.0512 (SD =.02099). This data was positively skewed (skewness = 4.256) and
substantively kurtotic (kurtosis = 24.529). The rounded percent of students identified
with a SLD had a mean of .0508 (SD =.0207846). This data was somewhat positively

skewed (skewness = 3.995) and substantively positively kurtotic (kurtosis = 22.126).
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Table 3

Descriptive Statistics for Continuous Predictor Summary Scales

Mean Skewness Kurtosis

o Statistic SE SD Statistic SE  Statistic SE
Predictors
Math Achievement 23435 0.740 5.28 -0.551 0.333 -0.425 0.656
Reading Achievement 21555 0.730 521 -0.328 0.333 0.535 0.656
Free/Reduced Lunch 4403 210 14.98 1.11 0.333 2.66 0.656
Outcome
SLD Percentage .05 0.003 0.021 4,256 0.34 24,53 .0.662

Results
In preparation for the hypothesis testing, two data transformations were
computed: (1) turning the six RTI approach categories into two categories, and (2)
dummy coding RTI model and SLD Identification so that the data of the three categories
could be captured in the regression analysis. The following categorical variables were
dummy coded: RTI model, SLD identification method, RTI approach. The results of the

transformation are presented in Table 3.
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Table 4

Transformations of Categorical Variables

Frequency Percent
RTI Model
All Other 46 90.2
RTI/MTSS 5 9.8
MTSS 41 80.4
All Other 10 19.6
SLD Identification
All Other 29 56.9
RTI/Other 22 43.1
RTI/IQ/Other 27 59.2
All Other 24 47.1
RTI Approach
Not Specified 6 11.8
All Other Approaches 45 88.2
Problem Solving 36 70.6
All Other Approaches 15 29.4

Table 4 presents the Spearman’s rho correlations among the outcome and
categorical variables. None of the categorical variables are significantly correlated with
the outcome variable.. Problem solving approach is significantly correlated with no
approach specified (r = -.566, p<0.01), MTSS model (r = -.319*, p<0.05), and RTI, 1Q, or
Other identification methods (r = .340, p<0.05). MTSS model is significantly correlated
with RTI/MTSS model (r = -.688, p<0.01). RTI, 1Q, or other identification methods is
significantly correlated with problem solving approach (r = .340, p<0.05) and RTI and

other identification approach (r = -.924, p<0.01).
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Correlation Matrix of Outcome and Categorical Variables
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Problem RTI, 1Q
SLD No Approach Solving MTSS RTI/MTSS RTlor or Other
Percent  Specified Approach Model  Models Other ID ID
SLD Percent 1.000 .060 .039 -.103 -.042 .075 -.065
No Approach .060 1.000 -.566"" .180 -.120 .051 -.265
Specified
Problem .039 -.566" 1.000 -.319" 213 -.220 .340"
Solving
Approach
MTSS Model -.103 .180 -319°  1.000 -.668™ 131 -.169
RTI/MTSS -.042 -.120 213 -.668™ 1.000 -.021 .047
Models
RTI or Other .075 .051 -.220 131 -.021 1.000 -.924™
ID
RTI, 1Q or -.065 -.265 .340" -.169 047  -924™ 1.000
Other

**_Correlation is significant at the 0.01 level (2-tailed).
*, Correlation is significant at the 0.05 level (2-tailed).

Table 5 presents the correlations among the outcome and scale variables. None of

the scale variables were significantly correlated with the outcome variable. Math

achievement was significantly correlated with reading achievement (r =.872, p<0.01).

Free/reduced lunch percent was significantly correlated with math achievement (r=-.355,

p<0.05) and reading achievement (r=-.277, p<0.05).
Table 6

Correlation Matrix of Outcome and Scale Variables

SLD Math Reading Free/Reduced Lunch
Percent Achievement Achievement Percent
SLD Percent 1 -0.57 .005 .023
Math Achievement -.057 1 .872%* -.355*
Reading Achievement .005 872** 1 -277*
Free/Reduced Lunch .023 -.355* -277* 1

Percent

**= Correlation is significant at the 0.01 level
*= Correlation is significant at the 0.05 level
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A standard multiple regression analysis was computed to answer the research
question. Table 6 presents the model summary. Results indicate that the model explains
21.3% of the variance in statewide SLD percent (F=1.200, DF =9, 40, p=.322). The
model does not reach statistical significance.

Table 7

Model Summary for Statewide SLD Percent

Change Statistics

. Durbin-
R Square Sig. F V\;jatslon
Model R R? SEE Change F Change  dfl df2  Change
1 4617 213 .02061 213 1.200 9 40 322
Table 8
ANOVA Summary for Statewide SLD Percent
Model Sum of Squares df Mean Square F Sig.
Regression 005 9 .001 1.200 .322°
1 Residual 017 40 .000
Total 022 49

a. Dependent Variable: sld_pcnt
b. Predictors: (Constant), RTI, 1Q or Other, RTI/MTSS Models, FRL, No Approach
Specified, reading_ach, Problem Solving Approach, MTSS model, math_ach, RTI or
Other ID
Table 8 presents the summary of model coefficients and collinearity statistics.
Results indicate that most of the predictors were not statistically significant. However, No
Approach and RTI and Other ID have significant coefficients. Further inquiry revealed
that the number of cases in each category of No Approach (n = 45 vs. 6) created a

spurious result. For RTI and Other ID this was not the case (n = 29 vs. 21) and suggests

that this may clarify differences in SLD percent across the identification methods
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described by state regulations. Tolerance and VIF values indicate that there may be
multicollinearity among RTI or Other ID and RTI, 1Q, or Other.
Table 9

Summary of Model Coefficients for Statewide SLD Percent

Unstandardized Standardized

Coefficients Coefficients Collinearity Statistics
Model B Std. Error Beta t Sig.  Tolerance  VIF

(Constant) -.108 167 -.656 522
Math Achievement .000 .001 -025 -.080 .937 193 5.180
Reading Achievement .001 .001 A71 .575 .569 221 4517
Free Reduced Lunch 7.268E-5 .000 .052 .322 749 .758 1.319
No Approach .035 .013 548  2.774 .008  .504 1.986
Problem Solving Approach .004 .008 .098 .533 .597 581 1.721
MTSS Model -.011 011 -203  -.973 .336 452 2.214
RTI/MTSS Model -.010 14 -141 722 474 519 1.926
RTI or Other ID .038 .019 909 2.015 .051 .097 10.345
RTI, 1Q, or Other .031 .019 755 1.659 105 .095 10.519

Further examination of the results testing for assumptions indicate that residuals
calculated for this model are not normally distributed (Figure 1). The assumption of
homoscedasticity was not met (Figure 2), as the residual plots substantively deviated
from the predicted line. Furthermore, the non-random distribution of points on the
scatterplot (Figure 3) indicates substantive deviations from linearity of the model.
Figure 1

Histogram of Standardized Residuals for Statewide SLD Percent
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Figure 2

P-P Plot of the Expected Cumulative Probability of Standardized Residuals For

Statewide SLD Percent
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Figure 3

Scatterplot of Predicted Z Scores and Residual Z Scores for Statewide SLD Percent
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Summary
In this chapter, | presented the results of the multiple regression analysis used to
answer the research question. Results indicate that the model explains 21.3% of the
variance in statewide SLD percent (F=1.200, DF = 9, 40, p=.322). The model does not
reach statistical significance. Furthermore, none of the predictor variables were

significantly correlated with the outcome variable.
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Chapter 5: Discussion, Conclusions, and Recommendations

This quantitative study employed multiple regression analysis to understand the
influence of state identified tiered system of support, Response to Intervention (RTI)
approach, academic achievement, free/reduced lunch status, and state identified
method(s) of identifying a learning disability on statewide incidence of Specific Learning
Disability (SLD) identification. This study examined statewide data from all 50 states and
the District of Columbia. The whole population was represented by the findings of this
study. Result derived from the multiple regression analysis indicated no significant
relationships between the independent variables and the outcome variable.

Interpretation of Findings

The 2004 reauthorization of IDEA aimed to mitigate overidentification by
introducing additional methods of identification that could be used alongside the
discrepancy model and academic achievement. Due to the number of students receiving
special education services, and therefore federal funds, under the eligibility of SLD, law
makers found it necessary to reauthorize IDEA in 2004 to help mitigate the
overidentification and disproportionality of students represented under this eligibility
category (Phillips, 2018). As such, RTI data were introduced an allowed method of
identifying a SLD. This quantitative study sought to fill this gap in research by examining
the influence of states’ interpretation/implementation of a tiered system of support and
SLD identification in educational settings. However, results derived from this study do
not provide insight into the influence of states’ interpretation and implementation of

RTI/MTSS on SLD identification. One reason for this may be ambiguity regarding the
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role RTI plays in SLD identification. Two-thirds of the states do not support SLD

identification through a tiered approach alone; rather, these states prefer to use the tiered
approach in addition to formal testing results (Berkeley et al., 2020). As such, the
influence of RTI and RTI data in SLD identification is not homogenous across states or
even districts; therefore, making comparisons difficult. Furthermore, states have moved
toward an MTSS model over the past decade (Berkeley et al. 2020). Secondary data used
in this study indicated that no states used an RTI model, and most states used an MTSS
model. This lack of variation may have also impacted the results of the multiple
regression analysis.

Additionally, the categorical variables of this study were derived from language
used in states’ DOEs, but the nuances in implementation and interpretation could not be
taken into consideration. For example, two states who use the terminology MTSS within
the DOE documentation may implement the model differently or interpret the data
differently. These extraneous factors could not be controlled for in this study. Fuchs and
Fuchs (2009) suggested that a unified model of RTI across the nation is the only
definitive method of ensuring a reduction in variability regarding the interpretation and
implementation of RTI, as ambiguity within RTI continues to blur the understanding of
this framework’s effectiveness (Berkeley et al., 2009; Berkeley et al. 2020; Hudson &
McKenzie, 2016b). Because IDEA provided autonomy to states regarding tiered system
of support implementation and interpretation, this homogeneity is not feasible.

Furthermore, this study included the entire population (i.e., all 50 states). As such,

the scale of the data may have been too large to detect discrepancies among the data. The
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aggregate data used in this study were a sum of all districts with each state. As such, all
scale variables represented an average among all districts, leaving little room for
variability across data. It should also be noted that the categorical variables in this study
were transformed. In an effort to make these variables discrete, the transformation may
have impaired a true reflection of the data. Furthermore, some variables presented with
substantive inequality between groups (i.e., No Approach). As such, any variance
claimed may be the result of inequality among the groups.

The conceptual frameworks identified in this study included RTI and the
discrepancy model. Understanding these concepts was important to the study because the
2004 reauthorization’s shift from the discrepancy model to RTI within SLD identification
altered identification methods across the nation. The discrepancy model left little room
for professional judgment and individualized assessment. When RTI was introduced,
states school districts were able to individualize interventions and interpret data
accordingly. This shift also made it difficult to make comparisons across states due to the
variability of RTI implementation and interpretation, which may be the reason a gap in
research exists in studying the RTI/MTSS plays in SLD identification across all 50 states.

Limitations

As stated in Chapter 1, the accuracy of the secondary data used in this study can
only be assumed. Although I verified that the data had been categorized correctly, the use
of secondary data is, by definition, limited to what someone other than the researcher
chooses to record. Furthermore, the data used in this study were aggregate data. This

limits accessibility to nuanced discrepancies across districts within each state. Finally,
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there may be variables not in the data set that could be valuable in improving the
regression model, but I am limited to only what is provided. This creates a risk that the
model was underspecified, or subject to confounding variables (Kumara, 2022).
Recommendations

Recommendations for further research include conducting this study using district
data for individual states, rather than attempting to aggregate across districts to come up
with single measures. This may also help the researcher understand the differences
among implementation/interpretation of tiered systems of support. A second
recommendation emerges from the finding that RTI and Other ID was the one significant
contributor to SLD percent. No Approach and RTI1 and Other ID have significant
coefficients. Further inquiry revealed that the number of cases in each category of No
Approach (n = 45 vs. 6) created a spurious result. For RTI and Other ID this was not the
case (n =29 vs. 21) and suggests that this may clarify differences in SLD percent across
the identification methods described by state regulations. Future research should consider
exploring how individual districts within a state utilize RTI data and other identification
methods. Many researchers suggest using slope to analyze RTI data; however, many
debate the reliability of this data. Future research should delve into understanding how
districts are using RTI data and other identification method in SLD identification. This
will provide more information regarding the role these identification methods play in
SLD.

A third recommendation emerges from the non-significant predictive relationships

between the achievement independent variables and SLD percent. Previous research
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suggests that academic achievement is a significant predictor of SLD identification
(Barrett et al., 2021; Maki & Adams, 2020; Maki et al., 2021). But there is inconsistency
in diagnostic criteria used by psychologists (Maki et al., 2017). Furthermore, research has
found that differences in achievement measures significantly influence SLD
identification. Results from a study conducted by Miciak et al. (2015) indicated that
agreement across the two batteries with differing achievement measures was low,
suggesting that the identification of a learning disability differed between batteries. This
suggests that identification methods that utilize academic achievement may not be
reliable. As such, it may be helpful for states to provide specific guidance to districts
regarding the role academic achievement and subsequent testing plays in SLD
identification. Nonsignificant findings of this study may partly be the result of the
broadness of the data. This broadness may be mitigated by the provision of more specific
state regulations regarding identification methods and the role academic achievement
plays in SLD identification. The ambiguity of the language provided in IDEA and state
regulations allows freedom for interpretation and raises questions regarding fidelity.
Implications

The nonsignificant findings derived from this study confirm that it is difficult to
compare predictors of SLD identification across states. The nonsignificant findings
among the categorical variables and outcome variable suggest that the ambiguity of the
language provided by states’ make it difficult to detect differences among interpretation
and implementation of RTI approach, tiered system of support model, and identification

methods. As such, these results may support a movement to provide stricter guidance at
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the states level to ensure fidelity among districts. Although the results did not provide
clarification regarding the role tiered systems of support play in SLD identification, they
did shed light on how difficult it is to compare predictors of SLD identification across
districts. Positive social change may be achieved through more state-level guidance. Not
only would this mitigate issues regarding implementation fidelity among districts, but it
may also improve comparisons across states.

Additionally, the 1Q discrepancy model may have played a role in the
overidentification of student with an SLD (Smith, 2005). Results from this study indicate
that RTI and Other ID was the one significant contributor to SLD percent. This suggests
that the 1Q discrepancy model was not found to have any level of significance. This may
imply that the 2004 reauthorization succeeded in prompting states to move away from the
IQ discrepancy model. This may impact positive social change as it may help confirm the
role RTI data and other identification methods play in SLD identification. This
information may be helpful at state and district level educational stakeholders.

Conclusion

Millions of students across the United States are identified as have a learning
disability. Furthermore, millions of students across the United States received special
education services because of SLD identification, yet the appropriate identification
methods are still contested. Extensive research has uncovered conflicting evidence
regarding the role RTI/MTSS plays in these identification methods, and ambiguity among
the guidance provided by IDEA and state regulations bring fidelity regarding

interpretation/implementation across districts. The nonsignificant results of this study
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confirmed that making comparisons across states is difficult. Although the language
provided by state DOE’s can be categorized, the interpretation of this language is not
homogenous across states. Past research has argued the ambiguity within IDEA guidance
is problematic. However, results from this study suggest that ambiguity among the
language withing state regulations is also problematic for research purposes. It is evident
that aggregate level data only provides a snippet of information regarding district level
practices. Without operational definitions of the implementation of interventions,
interpretation of data, and utilization of the method(s) of identification, the debate
regarding best practices in SLD identification will continue. Additionally, the
generalization of this type of research will be difficult to achieve, as aggregate data has
proven to provide minimal information regarding the relationships between possible
predictors of SLD identification.

In sum, this topic has been extensively researched since the 2004 reauthorization
of IDEA, yet two decades of research has not clarified best practices in SLD
identification. This leads to unreliability regarding SLD identification across states and
even districts. Taking into consideration the impact SLD identification has on the
trajectory of a child’s education, as well as state and federal funding, understanding this
subject matter is of the utmost importance. It is clear that language and guidance
provided at the federal and state levels may need to specify how districts are expected to
utilize academic achievement, RTI/MTSS, cognitive ability, etc. in the method(s) used to

identify an SLD.
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