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ABSTRACT 

Low-income students and students of color are disproportionately identified at lower 

rates for accelerated programs in K-12 education compared to their peers in the United 

States. A lack of equitable identification processes that provide access to accelerated 

programs can be linked to issues of social inequity (Cao et al., 2017). An analysis of 

information from tools utilized in a Pacific northwest school district’s identification 

process for accelerated programs was conducted. Cognitive assessment and academic 

measures used for universal screening processes at the second-grade level were examined 

to determine if they contributed to disproportionate outcomes. Information about 

accelerated programs in K-12 education, how students are identified for participation in 

these programs, and potential biases of the tools used for identification are provided in 

chapters one and two. Cultural mobility framework, three-stratum theory, and educational 

test theory were used to understand identification practices and tools that can lead to 

disproportionate outcomes in identification. Answering the research questions required 

testing the significance of between-group differences in assessment results for sub-groups 

of students, analyzing the relationships that exist between independent race and 

socioeconomic status variables and dependent assessment variables, and learning how 

identified between-group differences or bias could be counteracted to impact more 

equitable identification practices for accelerated programs. A quantitative methodology 

that applied a causal-comparative research design using structural equation modeling was 

able to identify the significance of between-group differences in assessments used for 

accelerated program identification in a K-12 school district. The population included 

close to the total population of second-grade students attending a Pacific northwest K-12 
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school district. The results of this study demonstrate that a statistical analysis can be used 

to identify unintentional bias in assessments and the identified differences can be used to 

mitigate the bias. School leaders may use these results to review identification policies 

and processes to more equitably identify low-income students and students of color for 

accelerated programs. 
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CHAPTER 1: INTRODUCTION TO THE STUDY 

Disproportionate representation of student subgroups can be seen across K-12 

education programs and outcomes, including discipline, graduation, state test results, 

special education, and accelerated programs. Typically, low-income students and students 

of color score lower on standardized tests and have lower levels of academic attainment 

than their peers (U.S. Department of Education, 2020). These students are excluded from 

school more frequently, over-identified for special education, and not identified for 

participation in accelerated programs. In the United States, compared to the larger student 

populations, low-income and students of color are frequently denied placement in K-12 

programs that provide access to advanced or enriched learning (Hodges et al., 2018). The 

underrepresentation of low-income students and students of color in educational 

programs can be linked to issues of social inequity (Cao et al., 2017) and can have long 

lasting economic impacts due to reduced access to more advanced secondary and post-

secondary learning opportunities, such as participation in college credit-bearing courses 

during or directly after high school (Crabtree et al., 2019). 

Those who are identified for gifted services in K-12 education can be students 

who perform or show potential to academically perform at advanced levels. Low-income 

students and students of color have historically been identified for these services at lower 

rates compared to their peers. To identify more low-income students and students of 

color, school districts have implemented the use of locally normed measures into 

identification practices in place of using national norms and have implemented universal 

screening of students at one or more grade levels (Pfeiffer, 2015). For this study, an 

examination of the between-group differences for demographic sub-groups of students 
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when using common assessment tools as variables was conducted to determine how the 

variance may impact identification of gifted student potential and access to accelerated 

programs. 

Study Background/Foundation 

Unequal participation rates in accelerated programs by student subgroups can be 

seen across the United States. In a study of gifted and talented identification practices, 

Hodges et al. (2018) noted that identification methods have failed to identify low-income 

students or students of color proportionally to other student demographics. The authors 

concluded that this underrepresentation is generally found across the United States. State 

laws related to gifted student identification vary greatly, which may contribute to the 

unequal participation by different sub-groups. Only 32 states have laws related to gifted 

education and not all of them have identification requirements. Gifted education laws in 

Washington state require elementary and secondary school districts to identify students 

for participation in their accelerated programs annually. The districts must use multiple 

criteria in the identification process (Washington State Legislature, RCW 28A.185.030, 

2009).  

Social inequities in a community can be seen and replicated in K-12 schools. 

Unequal opportunities for students can lead to unequal outcomes, regardless of the 

measure. School policies and practices can contribute to the continuation of inequities 

unless closely examined and corrected (Michelmore & Dynarski, 2017). To identify ways 

to enhance gifted education for under-represented groups, Ecker-Lyster and Niileksela 

(2017) posited that a paradigm shift toward embracing alternative identification methods 

could benefit the identification of gifted students. The authors suggested that researchers 
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and districts could continue to explore equitable identification methods and measures 

including teacher training to identify and understand giftedness in students, and the use of 

local norms. 

Research has been conducted to determine ways in which those involved in gifted 

education can identify more students from low-income families and students of color, 

including the impact of teacher training to identify gifted students. Steenbergen-Hu and 

Olszewski-Kubilius (2016) found that many states have shifted away from traditional 

identification methods, such as the use of a single IQ assessment, to identify gifted 

students. The authors also stated that teacher rating scales and teacher training in the 

identification of gifted student characteristics are two ways in which gifted education 

identification methods can increase the identification of historically disadvantaged 

students. As part of the shift from a single assessment, policies and practices have been 

implemented to support the use of multiple measures, including objective achievement 

measures as well as subjective perceptual measures, to identify students from historically 

underrepresented groups. 

In an article about the roles of institutional and individual poverty in the 

identification of gifted students, Hamilton et al. (2018) found that school districts can 

demonstrate inequities in identification of gifted students between schools. The authors 

stated that low-income students are less likely to be identified for gifted programs but that 

school districts can interrupt these patterns through policy and practice and suggested two 

policy changes: using multiple measures to identify gifted students; and utilizing locally 

normed scores for gifted identification. By using locally normed cut scores on academic 

measures, school districts can identify the districts’ gifted students in a way that more 
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closely reflects the demographics within the district. Hamilton et al. (2018) found that by 

relying on national norms, such as national percentile rankings, school districts may limit 

their ability to identify gifted students in their district. 

Current State of the Field in which the Problem Exists 

There have been a number of studies examining gifted education in general; those 

researchers have established that identification practices are not equitable throughout the 

United States. McCluskey (2017) discussed the need to modify identification processes, 

observing that outdated identification practices are in place because stakeholders in 

school districts have not addressed the problem with creative solutions. To do so 

effectively, those who make policy and implement identification practices may benefit 

from alternative practices. These practices could provide more equitable ways of 

identifying groups of students who have been historically underrepresented in gifted 

education. 

Studies about alternative identification practices exist but have not addressed 

specific practices or the tools that school districts use for identification. In an article 

about historically underrepresented sub-groups of students in gifted education, Lakin 

(2016) suggested that universal screening could address inequitable identification 

practices. Card and Giuliano (2016) also stated that universal screening could support 

more identification of low-income students and students of color. Universal screening 

ensures that all students are assessed at some point in their K-12 educational experience 

but does not ensure equitable identification of student sub-groups for gifted program 

participation. 
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Another recommended change in identification practices involves assisting 

teachers to better understand the characteristics of gifted students. Tirri (2017) suggested 

that teacher education could help teachers in identifying gifted students so they could 

refer them to gifted programs. The concept of teacher training in the identification of 

gifted students was also shared in an article by Hertzog (2017). Both authors suggested 

that teacher training could support the identification of students from historically 

underrepresented sub-groups of students and could benefit teachers in understanding how 

to best meet the needs of gifted students. Teacher professional learning on the topic of 

gifted education could be beneficial, but a design for implementation may need to be 

developed to meet the needs of school districts. Professional development opportunities 

would need to be ongoing as teacher turn-over could disrupt the proportion of those who 

received training. 

The use of multiple measures or structures to identify students for gifted programs 

has also been recommended in studies. Cao et al. (2017) suggested that, historically, both 

cognitive assessments and academic measures have been used to identify students for 

gifted education. Ecker-Lyster and Niileksela (2017) noted that academic measures were 

a tool that could be used to identify students for gifted education. Multiple measures 

could be beneficial when schools are attempting to identify equitable numbers of students 

for gifted education, but school districts would need to establish the ways in which those 

measures are used for identification purposes. 

Research in the area of gifted education identification has a common theme of 

inequitable identification of low-income students and students of color compared to their 

White and Asian peers. There are recommendations to limit identification inequities that 
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include universal screening, teacher training, and the use of multiple measures for 

identification purposes. The implementation of these strategies has been successful to 

varying degrees. However, no clear evidence has been provided to show that these 

recommendations are working to increase the identification of low-income students and 

students of color for gifted programs. 

Historical Background 

Gifted and talented education has been active in the United States since the early 

1900s and has gone through various iterations over the past century. During the 1920s 

gifted education was studied by psychologists, who determined that public schools were 

not meeting the needs of gifted students (National Association for Gifted Children, 2020). 

To meet these needs, education specifically for gifted children was started and has 

continued to evolve. Federal government legislative efforts expanded and supported 

gifted education through funding in the 1970s. In 1988, the Jacob K Javits Gifted and 

Talented Children and Youth Education Act (1988) was adopted. This act was the first 

federal legislation specific to gifted education funding in the United States. 

Over the years, there have been numerous reports published about public 

education including A Nation at Risk (National Commission on Excellence in Education, 

1983), National Excellence: A Case for Developing America’s Talent (Ross & United 

States, 1993), and A Nation Deceived (Colangelo et al., 2004). The authors of these 

publications shared the idea that public education did not support students in the United 

States as effectively as it should. Through these reports, national standards for gifted 

education and the National Association for Gifted Children were established (National 



  

 7 

Association for Gifted Children, 2020). However, in 2013, gifted and talented programs 

were defunded by the federal government due to a poor economy (Dougherty, 2014). 

Identification of students who could access gifted education has traditionally 

relied on intelligence tests as students who were gifted were believed to be intellectually 

advanced, as compared to their peers. Sternberg (2017) suggested that the use of 

psychological intelligence testing is no longer appropriate to meet the needs of students 

who could demonstrate giftedness beyond their intelligence level. The author posited that 

students could be gifted in creativity, wisdom, and ethics; suggesting that identification 

methods for gifted education may need to change and evolve. 

Deficiencies in the Evidence 

While local school districts have explored multiple ways to identify 

underrepresented student populations, no specific or best practice has been identified 

(Hodges et al., 2018). Cao et al. (2017) suggested assessment data could be used in 

different ways to support gifted identification. One suggestion by the authors is to 

identify which assessments in use might limit disproportionate demographic 

representation of students in gifted programs. Another is to use assessment data to 

evaluate if gifted programs meet the needs of students. 

Policy makers in the area of accelerated programs have recommended the use of 

multiple measures to identify and recommend students for program participation. 

However, there is limited information about what the measures should be or how they 

should be used to increase the participation of low-income and students of color. An 

exploration of potential bias in commonly used measures might be used to decrease 
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disproportionality in the identification of low-income students and students of color for 

advanced programs and may benefit a Pacific northwest K-12 school district. 

Problem Statement  

The general problem is that the process through which students are identified for 

advanced education programs is not equitable. In the United States, low-income students 

and students of color are frequently denied placement in K-12 programs that provide 

access to advanced or enriched learning environments (e.g., Gifted and Talented, 

Advanced Placement, and International Baccalaureate) compared to the larger student 

populations (Hodges et al., 2018). The underrepresentation of low-income students and 

students of color in educational programs can be linked to issues of social inequity (Cao 

et al., 2017) and can have long lasting economic impacts due to reduced access to a range 

of secondary and post-secondary learning opportunities, such as participation in college 

credit-bearing courses in or directly after high school (Crabtree et al., 2019).  

The measures used to identify students for accelerated programs rely on a narrow 

set of skills that, when used in isolation, fail to identify large numbers of students, 

specifically low-income and students of color, who could benefit from accelerated 

programs (Cao et al., 2017). Steenbergen-Hu and Olszewski-Kubilius (2016) stated that 

gifted education and accelerated programs can benefit students from all racial, ethnic, and 

socio-economic backgrounds. However, without equitable identification practices, 

students may be excluded from beneficial educational programs provided to their peers 

based on faulty assumptions or inaccurate evaluation tools including cognitive tests, 

academic assessments, prior academic performance, and teacher recommendations. 

Specific Leadership Problem 
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The specific problem is that a K-12 school district in the state of Washington has 

failed to identify which commonly used measures that are considered fair and valid by 

district leaders may better inform accelerated program identification decisions and thus 

reduce disproportionate representation among low income students and students of color. 

As suggested by Hertzog (2017), the use of multiple measures of student abilities and 

skills, including academic assessments, can be analyzed to determine if multiple data 

points introduce unintended bias and if that bias can be compensated for to identify 

students for accelerated programs more equitably. An identification of how multiple 

measures may be used to counter-act implicit testing bias by analyzing the interaction 

between test results for low-income students and students of color can support school 

district leaders in adopting policies and procedures to support equitable identification of 

students for accelerated programs.  

Audience 

The information obtained from this study was utilized with the goal of testing the 

significance of between-group differences for historically underrepresented sub-groups of 

students compared to their peers when using locally administered assessment. School 

district leaders and policy makers in a K-12 school district may benefit from 

understanding the between-group differences when identifying student potential for 

accelerated programs. The data analyzed in this study may bring to light factors that 

contribute to bias implicit in assessment data used by school district leaders and policy 

makers to make program decisions. K-12 school district leaders and educators may be 

able to use the information from this study to inform decisions about the use of multiple 
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measures for gifted identification for the assessments administered within their school 

district. 

Purpose of the Study 

The purpose of this quantitative casual-comparative study was to measure the 

between-group mean differences of assessment data for low-income students and students 

of color that may contribute to the disproportionate identification of second-grade 

students for accelerated programs in a K-12 school district in Washington state. Testing 

the significance of between-group differences for socioeconomic status and race and the 

assessment results used for student identification may help identify methods to address 

latent test bias. The independent variables used in this study for a structural equation 

model (SEM) are student race and socioeconomic status. Race was divided into the seven 

federal categories; determining applicable socioeconomic status factors focused on 

student eligibility for free or reduced-rate lunch. The dependent variables were cognitive 

and academic assessment data, including literacy and math, used by the school district to 

identify students enrolled in second grade for participation in accelerated programs.  

Methodology and Research Design Overview 

The study is an examination of how the use of cognitive and academic assessment 

tools in a K-12 school district may inequitably impact the identification of low-income 

students and students of color for accelerated program participation. In their meta-

analysis of gifted education, Cao et al. (2017) found that a method for selecting which 

tools to use for gifted identification and how to use them together to utilize multiple 

methods has not been established. A quantitative methodology using assessments as 

dependent variables, as proposed in this study, may help reveal underlying factors 
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associated with assessments that affect the results and could be used to create a formula 

or algorithm for the purpose of reducing disproportionality between subgroups of 

students in the selection of students for accelerated programs. 

A quantitative research methodology with a large population size can support 

research questions focused on testing the significance of between-group differences of 

assessment results between low-income students and students of color compared to their 

peers (Watson, 2015). Specifically, a causal-comparative design was used to examine 

between-group differences and relationships in a K-12 school district through SEM. 

Causal-comparative designs can be used to test the significance of differences between 

groups and the relationships of the differences to the groups (Apuke, 2017). Lodico et al. 

(2010) stated that causal-comparative design may be beneficial in explaining differences 

between groups; the authors suggested that this design supports research in which the 

events affecting the variables have already occurred. A review of data from assessments 

that have already been administered can be considered causal-comparative or ex post 

facto. A causal-comparative design using SEM can measure the relationships between 

independent and dependent variables and identify the significance of the relationships 

between and amongst the variables (socioeconomic status, race, and assessment results) 

in a way that may alter identification outcomes in gifted education. 

Research Questions and Hypotheses 

The following research questions were used to address the problem of identifying 

assessment tools to inform accelerated program identification decisions that reduce 

disproportionate representation of low-income students and students of color. 
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1. What is the difference in assessment results for low-income students and 

students of color compared to their peers at a given grade level? 

H0 – There is no significant mean difference in assessment results for low-income 

students and students of color compared to their peers at a single grade level. 

H1 – There is a significant mean difference in assessment results for low-income 

students compared to their non-low-income peers at a single grade level. 

H2 – There is a significant mean difference in assessment results for students of 

color compared to their peers at a single grade level. 

2. What is the significance of between-group differences when compounding 

dependent variables measured within and between independent variables?  

H0 – There is no significant mean difference in the relationships between 

dependent variables and independent variables when compounded. 

H1 – There is a significant mean difference in the relationships between dependent 

and independent variables when compounded. 

3. Can assessment results used to identify students for accelerated programs be 

adjusted based on between-group differences to affect the identification of 

low-income students and students of color for accelerated programs? 

H0 – Adjustments based on between-group significant mean differences do not 

increase the identification of low-income students and students of color. 

H1 – Adjustments based on between-group significant mean differences increase 

the identification of low-income students for accelerated programs. 

H2 – Adjustments based on between-group significant mean differences increase 

the identification of students of color for accelerated programs. 
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There were five variables in this study: student low-income status (identified by 

Free and Reduced Lunch), student race (federal categories), standardized cognitive 

assessment (Naglieri Nonverbal Ability Test, 3rd Edition), teacher-administered reading 

comprehension test (Fountas & Pinnell Benchmark Achievement System), and a 

computer-adaptive mathematical skills test (Renaissance STAR Math).  

Study Limitations 

There are limitations to any study involving student demographic data and 

assessment scores. The entry of data into a student information system relies on an 

individual manually entering data or mass uploading data sets. Data entry errors which 

may impact the study can occur in these processes. Racial demographics are self-reported 

during student enrollment, so the race with which a family identifies could create a 

limitation. Families needing free and reduced-price lunch for their child or children are 

identified when a family member completes an application for federal funding. If the 

application is not completed and submitted, the number of those students may be under-

reported, causing a potential limitation. 

Data from a single grade level in the school district in a single year were reviewed 

in this study. Results may differ if different cohorts of students or data from different 

years were used in the data analysis. 

Assessment data are also another limitation to the study. The school district 

providing data for the study utilizes standardized reading assessments at the second-grade 

level that rely on a degree of professional judgement to interpret a student’s responses. 

Students participate in an online math assessment and a norm-referenced intelligence test, 

but the reading assessment is completed in a one-to-one setting with individual students 
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and teachers, which allows for some subjectivity. While the scores can be normed, there 

are limitations in ensuring the assessment scores are equally reliable across the school 

district. The specific assessment tools used by the district and the results for grade two 

students may not apply to all school districts. 

The limitation of the data accuracy can be mitigated by “cleaning” the data and 

comparing it to cohort data from years before second grade. A review of district trends 

over time can help in understanding if the data is accurate in terms of both demographics 

and academic performance. 

Study Delimitations 

The analysis of data used in this study was conducted using second grade student 

data in a K-12 school district for the 2019-2020 school year. The findings and results may 

not be applicable to other groups or grade levels because of the assessment data used, the 

composition of the student population, and the uniqueness of locally required 

assessments. 

Definitions of Key Terms 

The following terms and words provide clarification to allow for better 

understanding of the information in this study. 

Accelerated programs – educational programs designed to create advanced 

academic opportunities for students. Accelerated programs vary depending on the age 

and grade of the student, and can include Advanced Placement (AP) courses, 

International Baccalaureate (IB) courses, or self-contained classes in which all students in 

the class are identified as gifted. 
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Bias – is a disproportionate weight inherent in a measure. It can be present in 

assessments that result in a student or group of students being unfairly penalized because 

of their personal characteristics. Teachers can also demonstrate conscious or unconscious 

bias when they treat students from different groups differently (Redding, 2019).  

Computer adaptive assessment – is an assessment completed on a computer or 

digital device that adapts to an individual’s level based on the correct or incorrect 

answers they provide to questions. Computer adaptive assessments can be used in literacy 

and math testing aimed at measuring a student’s ability, as compared to similarly aged or 

grade-level peers. 

Cultural capital – an individual’s ability to utilize economic and social resources 

obtained from their family (Jæger, 2011). O’Shea (2016) suggested that cultural capital 

could be tangible goods or academic knowledge; students utilize that capital by taking 

advantage of their parents’ direct knowledge or by passively accessing the education that 

parents with cultural capital know how to navigate. 

Gifted education – students who perform at high levels in a given area such as, 

intellectually, creatively, artistically, or in a specific academic field (National Association 

for Gifted Children, 2020). These students may need services or activities to support their 

continued development.  

Socioeconomic status – is the social class of an individual or group, often 

measured by education or income. Free- and reduced-price meal eligibility status in K-12 

education was used to measure socioeconomic status, specifically to determine students 

who are considered low-income (Gajo et al., 2019). Students are either considered to be 

low-income or not low-income. 
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Standardized cognitive assessment – is an assessment administered under 

specified conditions that uses a common set of questions scored in a same way that 

measures an individual’s cognitive ability compared to their peers. These assessments can 

provide information about a student’s developmental strengths and areas of growth 

(Thompson et al., 2018). 

Students of color – is a collective term used for non-White, non-Asian students. 

To receive federal funds, elementary and secondary schools must ask families to identify 

which of seven categories best fits their child’s race: American Indian or Alaska Native, 

Asian, Black or African American, Hispanic, Native Hawaiian or Other Pacific Islander, 

White, and Two or More Races (U.S. Department of Education, 2008). The use of the 

phrase “students of color” i.e., identified by a category that is not White or Asian, and 

represents those who have historically been underrepresented in accelerated programs. 

Teacher administered assessment – is an assessment given in a content area that 

may or may not be standardized and measures a student’s skills in a subject. Teacher 

administered assessments can be beneficial in that they assist teachers in understanding 

the ways in which individual students perform on specific tasks with the goal of 

informing next steps in instruction (Bernstein et al, 2017). 

Summary 

This chapter provided background on gifted education and the inequitable 

identification of low-income students and students of color for gifted programs. The 

problem statement, purpose of the study, and research questions and hypothesis were also 

addressed.  
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CHAPTER 2: LITERATURE REVIEW 

There have been decades of disparate outcomes for students from different races, 

ethnicities, and economic classes. Brought to light by the Coleman Report (Coleman, 

1968) and continuing today, differences in educational outcomes for K-12 students across 

the United States persist and are influenced by the demographic composition of their 

schools (Reardon et al., 2019). Specific student sub-groups have disproportionate 

representation in areas like discipline, special education, and accelerated programs. 

Typically, more low-income students and students of color are excluded from school, 

over-identified for special education, and prevented from participating in accelerated 

programs, as compared to their peers. Locally made decisions about individual student 

behavior and academic potential can inhibit students’ future academic outcomes and 

opportunities (Brown et al., 2020). The criteria used to identify students for accelerated 

programs in K-12 education are thought to be objective measures that demonstrate 

students’ ability or potential to perform at advanced levels. However, the measures and 

processes used in accelerated program identification may contain unintended biases that 

result in low-income students and students of color being identified at lower rates 

compared to their peers. To counter these biases and identify more low-income and 

students of color, school districts have adopted policies and procedures to implement new 

practices that address the identification gap in accelerated programs (Lakin, 2016). 

The purpose of this literature review is to provide information about accelerated 

programs and the means to identify students for these programs. A description of 

accelerated programs in K-12 school districts is provided, as well as the measures used in 

identifying students who can benefit from and should be allowed to access accelerated 
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programs. The third section is a review of potential biases in the tools or processes used 

to identify students for accelerated programs and biases that lead to disproportionate 

representation. The final section of this literature review provides the theoretical 

foundation for the study. 

Accelerated Programs 

Accelerated programs are known by many names across the United States, 

including “academically advanced,” “highly capable,” and “gifted,” with the latter being 

one of the more commonly used terms. Gifted education programs provide enrichment or 

classroom settings in which students can make continuous progress in school and support 

student strengths (National Association for Gifted Children, 2020). A survey conducted 

by the National Association for Gifted Children and the Council of State Directors of 

Programs for the Gifted (2015) found that only 32 of 50 states mandate identification and 

services for gifted students. The same survey found that 37 states define giftedness and 

only 27 states provide funding to support gifted students. Because there is no clear 

definition of giftedness, the range of what states and schools consider to be gifted can 

vary. The National Association for Gifted Children (2020) has said that gifted students 

are those who demonstrate outstanding levels of aptitude. To effectively meet the needs 

of those students, schools can and should implement programs and identify students who 

can benefit from these programs. 

In the states that require accelerated programs, students can be identified at 

different grade levels and may be served in different ways over the course of their 

education. Generally, the goals of accelerated programs are to provide a selected group of 

students the opportunity to engage and be challenged to reach advanced levels of 
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academic achievement (Hodges et al., 2018). The various processes and methods used to 

identify students for gifted or accelerated programs often include an adult’s referral or a 

single assessment. Either or both methods can foster an intended or unintended bias that 

may exclude historically underrepresented students from accelerated programs. 

In the state of Washington, school districts who serve students from kindergarten 

through twelfth grade are required to provide access to accelerated programs for students 

that have been identified as highly capable. School districts are responsible for the 

identification of students who can benefit from accelerated programs, as indicated by 

Washington State Legislature, RCW 28A.185.030 (2009). That mandate allows 

individual school districts to design their own programs and to identify students who 

access gifted education based on the goals of the program they create. The programs can 

also utilize a variety of strategies for providing instruction to these students, including 

ability grouping, acceleration of courses or grades, educational enrichment opportunities, 

and specialized schools or classes. Students can be identified early on and continue to 

receive access to accelerated programs throughout their K-12 experience. However, both 

identification processes and program offerings may inhibit enrollment of low-income 

students and students of color (Peters & Engerrand, 2016). 

High School Programs 

Accelerated programs in high school can challenge and support students in their 

learning. Depending on the age of the student, high schools can offer accelerated 

programs to meet the needs of students in the classroom or online. Frequently, high 

school programs center around providing students access to advanced coursework above 

the grade level standards to prepare them for post-secondary study. Students often take 
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college-level courses such as Advanced Placement (AP) or International Baccalaureate 

(IB) in high school accelerated programs. 

Advanced Placement courses provide students with an opportunity to be 

challenged, improve their college admission chances, be better prepared for college, and 

earn college credit (Study Point, 2020). IB courses offer students an opportunity to 

become culturally aware, engage with a rapidly changing world, and drive their own 

learning (International Baccalaureate, 2020). Accelerated programs for high school 

students may also include early entrance to college or universities, e.g., programs 

designed specifically for high school-aged students, such as those offered by the 

Robinson Center at the University of Washington and Bard College at Slippery Rock.  

However, social inequities in the community can be replicated in high school 

accelerated programs, in which unequal opportunities for students can lead to unequal 

outcomes (Gordon & Bridglall, 2005). School policies and practices can contribute to the 

continuation of inequities unless further examined (Michelmore & Dynarski, 2017). As 

young people prepare to enter college, they can impact those who do as well as those who 

do not access accelerated programs by the end of their twelfth-grade education. In studies 

about accelerated program participation and demographic gaps, Cao et al. (2017) and 

Crabtree et al. (2019) found that issues of social inequality can have long-term effects. 

These researchers posited that students who do not have the opportunity to access 

accelerated programs may not have equal access to participation in college credit-bearing 

courses.  

These limitations can contribute to social inequities for students and families 

beyond high school and have a negative economic impact on a student in college. A 
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quantitative analysis of college completion for a cohort of high school graduates by 

Flores et al. (2017) suggested that there are differences between the race and income 

levels of students completing college. After a review of schools in the study, the authors 

noted that not all low-income students or students of color had access to the same 

accelerated programs to prepare them for college. Flores et al. (2017) highlighted 

potential impacts on students who do not access accelerated programs at some point 

during their educational experience, including lack of preparation for college courses and 

the high probability of living in poverty. 

Elementary Programs 

Elementary schools can offer students the opportunity to participate in more 

academically challenging programs through gifted and talented services. Students at that 

level can be identified as gifted and be provided services to support them through 

specially designed instruction (Steenbergen-Hu & Olszewski-Kubilius, 2016). Program 

design is determined by school districts and can include self-contained groups of 

students, a pull-out model, or small groupings of students. A school district can also 

choose for a program to have a specific focus, like science, technology, engineering, and 

math (STEM), language learning, art, or another core area. Through this flexibility, 

school districts can also design their identification process using measures they believe 

can identify students who may benefit from the specific program the district offers. 

Historically, school districts use intelligence tests for identification and acceptance into 

gifted programs, which has created the disproportionate representation of sub-groups of 

students in the programs. 
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The design of the accelerated program model at the elementary level can have 

impacts on which students participate and benefit from gifted education. For example, 

Steenbergen-Hu and Olszewski-Kubilius (2016) noted that a pull-out model that supports 

students less frequently may not meet all the needs of a single student due to inconsistent 

instruction and a failure to assist a student as they build their areas of strength. Another 

common program model is to have a self-contained classroom consisting only of students 

who have been identified as gifted. McCluskey (2017) indicates that a self-contained 

model can provide more consistent support to students who can benefit from gifted 

programs but is limited to students in the program. The author stated that students other 

than those identified could benefit if provided the opportunity. Different program models 

can meet the needs of gifted students in different ways. A school district may benefit 

from identifying their goals for gifted education to effectively meet the needs of students. 

Identification Processes for Accelerated Programs 

The exploration of gifted education started in American schools in the 1920s 

through research with the goal of better understanding individuals who appeared to learn 

quickly and, potentially, effortlessly (Subotnik et al., 2011). In their explanation of gifted 

education and the potential directions the program could go in, Subotnik et al. (2011) 

stated that as early gifted programs focused on students’ intellectual advancement, 

intelligence testing became the primary resource for identifying students with potential 

giftedness. Through a focus on intelligence, gifted programs were meant to support the 

learning of individuals in areas associated with academic performance. Students are 

generally identified to participate in accelerated programs through a process determined 

by the school district. Because programs can vary from district to district, the process in 
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each district can be different. Intelligence testing is one of the most frequently used 

methods for identifying students for gifted programs (Sternberg, 2017); other methods for 

identification can include academic testing (Hodges et al., 2018) and teacher referrals 

(Tirri, 2017). In many states, school districts are given broad flexibility in determining 

the tools and measures they want to use to identify students for gifted programs based on 

the goals of their program (National Association for Gifted Children & The Council of 

State Directors of Programs for the Gifted, 2015). 

Identification Methods 

Intelligence tests are one measure that can be used in the identification process; 

their use is considered the most traditional model and is seen as an objective measure 

(Ferrando et al., 2016). A number of intelligence tests have been utilized, including, 

amongst others, the Cognitive Abilities Test (CogAT), the Wechsler Intelligence Scale 

for Children (WISC), and the Naglieri Nonverbal Ability Test (NNAT), to identify those 

who perform at high cognitive levels. Some intelligence tests utilize non-verbal scores to 

limit the advantages for students who have developed strong language skills, but the 

results have demonstrated that there were still gaps based on race and income level 

(Peters & Engerrand, 2016). Some intelligence tests utilize several sub-tests to allow for a 

better understanding of different aspects of a student’s intelligence, such as analytical 

skills, spatial recognition, and pattern awareness (Freeman & Chen, 2017). 

Beyond intelligence testing, academic achievement testing may be considered as a 

measure to identify potential for success in accelerated or gifted programs. Academic 

measures are one way in which schools regularly collect information on student progress. 

Cao et al. (2017) stated that standardized academic tests can serve the gifted education 
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identification process by helping to pinpoint areas in which students demonstrate 

strengths. The authors suggested that using standardized assessments can be justified in 

recognizing individual needs of students. These tests can be annual summative 

assessments such as state accountability tests, nationally normed tests (e.g., ITBS or 

SAT), or locally determined assessments that may or may not be nationally normed (e.g., 

i-Ready, STAR Math, or MAP). However, it should be kept in mind that achievement 

tests can also be susceptible to unintended bias when students have not had equal prior 

opportunities to learn (Peters & Engerrand, 2016). 

Teacher or guardian referrals are also commonly used for identification practices 

(National Association for Gifted Children & The Council of State Directors of Programs 

for the Gifted, 2015). Teachers work with students daily and have knowledge about 

individual strengths, how students solve problems, and can potentially identify students 

who have gifted characteristics. Tirri (2017) suggested that the use of teacher input can 

be a strategy that is beneficial in the identification process, but teacher education would 

be needed in that area. The use of teacher input could support the identification of 

students and create a system that does not rely on a single test score. However, Redding 

(2019) found that teachers frequently gave higher academic ratings to students who 

shared the same race as the teacher.  

Universal screening is a method to reduce or remove the impact of teacher or 

guardian referrals from the process. This consists of using the same identification 

methods and processes for all students in a school or at a single grade level. The strategy 

can be used by school districts to identify students who may not have been referred by a 

guardian or teacher for gifted program participation. Card and Giuliano (2016) suggested 



  

 25 

that universal screening is one way to address the underrepresentation of low-income 

students and students of color; its use can be a positive step towards ensuring that all 

students are assessed for gifted programs. However, this practice may involve students 

being assessed using traditional intelligence or academic tests. Hodges et al. (2018) found 

that identification methods, including universal screening, have not identified low-

income students or students of color in proportion to other student demographics.  

School districts can encounter challenges when reviewing test scores or teacher 

input in isolation or solely using universal screening. The use of a single measure to 

determine giftedness can disproportionately identify students as intellectually advanced 

by race. In a study to determine bias in intelligence testing, Cao et al. (2017) found that 

the intelligence tests they examined demonstrated bias amongst racial groups. 

Conclusions like this have also been made by McCluskey (2017) in a review of gifted 

identification practices and the disproportionate representation of students from low-

income families. To counteract this bias, the author suggested lowering the threshold for 

acceptable achievement test scores for students who are identified as low-income 

compared to their non-low-income peers. 

Similar to cognitive measures, academic measures used in isolation may create 

disproportionate representation. To better understand the underrepresentation of students 

of color in gifted programs, Grissom and Redding (2016) examined math and reading test 

scores as an identification method for gifted education in elementary schools. The authors 

stated that African American students who performed similarly to non-Hispanic White 

students were not identified for giftedness at the same rates. The authors suggested that 

teacher bias and referrals of students who could benefit from the services may follow 
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racial lines. In their study of gifted identification and racial groups, Romanoff et al. 

(2009) found similar challenges of disproportionate identification using reading and math 

assessments. The authors of these studies did not use the same achievement tests 

demonstrating that even if identification measures change, disproportionate identification 

of low-income students and students of color may remain.  

There are other challenges to address in this area. In 2009, Moule undertook a 

review of unconscious bias as grounded in critical race theory. This concept was 

supported via a qualitative study about African American students who take AP classes 

by Jeffries and Silvernail (2017), who noted that the students who participated did not 

believe white teachers supported them effectively or believed in their ability to succeed. 

Information provided by these authors dispute the concept that all teachers can effectively 

identify students of color that could benefit from gifted education. 

There are several reasons historically underrepresented populations are under-

identified for gifted programs. One factor identified by Olszewski-Kubilius and Corwith 

(2018) is the limitation of early opportunities to access gifted programs for low-income 

students and students of color. The authors cited identification practices such as 

intelligence or academic testing as barriers to accessing gifted programs; such methods 

require students from low-income homes to perform at levels equal to those of their peers 

who may have access to more educational learning opportunities outside of school. 

Because of the differences in identification of low-income students and students of color 

for gifted programs through intelligence and academic testing, recent changes have been 

recommended and attempted (Card & Giuliano, 2016). The performance gap between 

low-income students and students of color can start early in elementary school (García & 
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Weiss, 2015); therefore, identifying students early for gifted programs may be beneficial 

before performance gaps increase. 

Multiple Measures 

Historically, unitary measures of intelligence have been used for identification of 

students who could benefit from gifted programs (Romanoff et al., 2009). The use of 

multiple measures for gifted education identification is a shift in thinking from using a 

single test score. In a meta-analysis of identification practices, Hodges et al. (2018) noted 

that many states and school districts are starting to use multiple measures for 

identification. One challenge with this change and recommendation is that there is no 

guidance on what are considered appropriate measures that can be used together. Hodges 

et al. (2018) concluded that the use of multiple measures addresses the problem of a 

single score, but their study did not define what multiple measures would mitigate the 

problem or how to use them for identification. The use of a single measure to identify 

students for gifted education, regardless of the type of measure, can disproportionately 

identify students based on race and socio-economic status (Sablan, 2019). 

The use of multiple measures as a structure for accelerated program identification 

processes was also studied by Cao et al. (2017). In their meta-analysis of the gifted 

education literature, the authors found that there were two issues of concern when 

recommending and using multiple measures. The first is that the literature does not 

identify which assessment tools or methods to use for the multiple measures, while the 

second is that the literature does not discuss or describe how the multiple measures 

should be used in combination. These issues highlight the challenge for K-12 educators 

attempting to use multiple measures to more equitably identify low-income students and 
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students of color who have been historically underrepresented in gifted programs and 

accelerated classes. 

One consideration in the use of multiple measures is to identify students based on 

the goals of the program. Hertzog (2017) stated that multiple measures could include 

teacher referrals for identification of gifted students. The author’s recommendation was 

that a classroom teacher would have an understanding of the goals of the program to 

which the student would be referred and could therefore better identify students for 

participation. Based on the teacher’s knowledge and understanding of the program, in 

conjunction with student performance, a referral would be a subjective measure that 

could be used in combination with intelligence or academic test scores to identify 

students. 

Disproportionate Representation in Accelerated Programs 

Disproportionate representation of low-income students and students of color is 

not a new challenge facing K-12 schools. There are numerous studies that have 

demonstrated that disproportionate populations exist in accelerated programs across the 

United States (Warne & Price, 2016). The challenge is also not limited to a specific sub-

group of students. Bradbury and Corak’s (2015) research discovered inequalities in 

opportunities and outcomes in both socioeconomic status and race that begin early and 

continue through students’ K-12 education. The authors also stated that, per capita, these 

disparities are larger in the United States compared to other countries. 

Disproportionality: Roots and Effect 

Students from higher income homes have primarily comprised the gifted 

education population for many years (Steenbergen-Hu & Olszewski-Kubilius, 2016). 
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When identification processes for accelerated programs use a single measure, such as an 

intelligence test, to identify students, it may exacerbate disproportionate representation of 

specific sub-groups in those programs (McCluskey, 2017). Steenbergen-Hu and 

Olszewski-Kubilius (2016) also observed that school districts using these measures 

continue to limit participation in gifted services to a specific percent of students who 

qualify. The authors noted that the measure to identify students may change but limiting 

the number of students identified can negatively impact proportionate identification of 

students for gifted education. 

School districts have attempted to more proportionately identify low-income and 

students of color by revising intelligence tests or measures. However, in a study to 

explain underrepresentation in gifted programs, Grissom and Redding (2016) determined 

that assessment changes did not increase the number of students identified as there were 

other challenges to low-income students and students of color performing at equal levels 

to their peers. The authors explained that teachers have an impact on student outcomes; 

specifically, teacher demographics and expectations have an impact on student 

performance. Students can demonstrate higher performance when they are in the class of 

a teacher with similar demographics, which could impact decisions about their giftedness 

made through the use of intelligence or academic measures (Redding, 2019). 

Potential bias in the assessments used by school districts to identify students who 

can benefit for gifted education may impact proportionate identification; assessment bias 

may be present in the intelligence or academic measures available to school districts and 

can negatively impact equitable gifted identification for gifted programs if used unitarily. 

McCluskey (2017) posited that tests of intelligence may instead be designed to identify 
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students who have had early access to books and other opportunities. In contrast, a 

student who could not utilize these tools may not perform at the same level. As identified 

in a study by Olszewski-Kubilius and Corwith (2018), this phenomenon can also be seen 

in academic assessments that are used for identification purposes. Through a study to 

better understand how quantitative methods can be used to impact disproportionality by 

race, Sablan (2019) learned that quantitative methods including descriptive and 

inferential statistics could be used to mitigate bias if the model went beyond traditional 

methods. 

Bias in Individuals 

Individual teacher bias, whether conscious or unconscious, can lead to more 

favorable academic outcomes for students that identify as the same race as their teachers 

(Redding, 2019). In a randomized control study, Copur-Gencturk et al. (2019) discovered 

that, when estimating students’ mathematical abilities, teachers had favorable bias for 

non-Hispanic White students over students of color and boys over girls. Card and 

Guiliano (2016) found that when a large urban district changed from random referral of 

students in second grade to universal screening, more historically underrepresented 

students were identified for accelerated programs. The authors of these studies suggested 

that when teachers were taken out of the identification process, identification of students 

of color was more representative of the population. 

Bias may not be explicit, but rather unconscious and unknown to an individual 

teacher. In an article written to increase the understanding of unconscious bias and 

unintentional racism, Moule (2009) suggested that all individuals have bias that they may 

not know is there; in addition, according to the author, when an individual is made aware 
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of their bias, they can change their beliefs, but that process takes effort and time. Milner 

(2013) stated that bias can be created based on the location of a school. Through the lens 

of critical race theory, the author indicated that an educator may assess a student’s 

abilities based on where they live or the school they attend, and impact decisions made 

about who should have access to gifted programs. 

Due to both conscious or unconscious bias in individuals, decisions about 

participation in gifted programs using teacher recommendations or rating scales can 

introduce that bias into the process. Via a student-teacher race study, Redding (2019) 

found that teachers can make decisions in favor of overrepresented sub-groups based on 

race. Milner (2013) found that the neighborhood in which students lived could impact the 

decision-making of adults. Relying on teacher perceptions and input as identifiers for 

students best suited to gifted education may perpetuate the underrepresentation of low-

income students and students of color in gifted programs, suggesting that the common 

measures and methods used in the process need to be carefully examined by K-12 school 

districts. 

Theoretical Foundation 

The following sections introduce a framework and theory to support the use of 

multiple measures to identify students for accelerated program participation. As 

discussed in previous sections, students are disproportionately identified for accelerated 

programs by income level and race in K-12 school districts. The intentional or 

unintentional bias in program identification processes can put groups of students on 

different educational tracks in primary, secondary and post-secondary education. Those 

who ascribe to the cultural mobility theory support the need to increase access to 
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accelerated programs for low-income students and students of color with the aim of 

improving their social standing. Using a test score can be one way of measuring student 

knowledge and skills in each subject or context (Farley-Ripple et al., 2019). Changing 

processes to include multiple measures for identification of student strengths is supported 

by the three-stratum theory in intelligence.  

Cultural Mobility Framework 

The cultural mobility framework suggests an individual’s social standing can be 

improved through education. DiMaggio (1982) argued that if resources were in place to 

support students who did not have access to early learning or accelerated coursework, 

they would better utilize these opportunities compared to their peers. In an article about 

cultural capital and educational inequality, Jæger and Karlson (2018) observed that 

cultural mobility suggested that the cultural capital return would be higher for students 

who had a low socio-economic standing compared to higher socioeconomic students. 

Cultural capital can be explained as the ability to utilize economic and social 

assets to benefit one’s family (Jæger, 2011). Jæger (2011) suggested that students utilize 

cultural capital obtained from their parents by taking advantage of their parents’ direct 

knowledge or by passively accessing the education that parents with cultural capital know 

how to navigate. One way in which parents may do this is by understanding how to 

access accelerated programs. This knowledge can present an advantage to students and 

create inequitable access to accelerated programs for students who come from families 

that do not have this level of cultural capital. 

Beyond K-12 education, cultural capital can be beneficial for older individuals 

from less advantaged backgrounds. In a study about adult education, Cincinnato et al. 
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(2016) posited that there is a link between social background and participation in adult 

education. However, the authors suggested that those connections could be broadened by 

providing opportunities for individuals to engage in learning opportunities earlier in their 

lives. Policies that ensure early and more equitable access to accelerated education 

programs provided to students who come from disadvantaged backgrounds can limit the 

negative impact of cultural capital (Cincinnato et al., 2016). 

Cultural mobility theory may support the concept that students identified as low-

income would benefit more from accelerated program identification compared to their 

non-low-income peers. The increase of historically underrepresented students identified 

for accelerated programs may result in improved cultural capital in the community and 

positive outcomes for students in the future. 

Three-Stratum Theory 

The processes in K-12 education for the identification of students qualified for 

accelerated programs typically use individual cognitive ability assessments. Cognitive 

intelligence testing has been conducted for decades and has utilized a number of models. 

Some researchers have suggested that only measuring for cognitive ability is a limited 

way to view intelligence. The three-stratum theory, developed by John Carroll in 1993, 

suggested that individuals have different abilities of intelligence that are used to perform 

different tasks (as cited in Benson et al., 2018). This theory supports the idea that 

individuals can demonstrate their intelligence or specific cognitive traits in different 

ways. 

The three-stratum theory has been advanced by other researchers. Beaujean 

(2015) discussed Carroll’s model of cognitive testing in an article comparing different 



  

 34 

cognitive assessments. The author suggested that Carroll’s three-stratum theory is widely 

accepted as a common way to measure cognitive abilities. Carroll, in 1993, utilized a 

factor analysis to demonstrate that cognitive ability is made up of multiple factors that are 

independent of one another. Carroll also suggested that the factors of intelligence differed 

among individuals; combined, those factors together comprised an individual’s cognitive 

ability (as cited in Beaujean, 2015).  

The three-stratum theory supports the use of multiple measures to identify student 

strengths, particularly for processes that use intelligence tests as a measure. An 

understanding of different cognitive areas can guide the selection of measures to use in 

the identification of students who could benefit from accelerated programs. Not all 

students perform well on a single measure and no single measure can capture all the 

cognitive dimensions. Instead, students may perform well on different assessments to 

demonstrate they can benefit from accelerated courses. Researchers have suggested using 

multiple measures of academic potential to improve identification processes for 

accelerated programs (Hertzog, 2017). 

Educational Test Theory 

Educational test theory is a method of understanding a student’s knowledge and 

skill using statistical tools (Mislevy 1996). The theory is based on the idea that a test can 

measure cognitive or academic performance on a given topic at both a point in time and 

over time. The information obtained from assessments can be used in multiple ways, 

including understanding individual progress, grouping students, adapting instruction, and 

planning next steps for learners (Farley-Ripple et al., 2019). Educational assessments can 

be used as part of a teaching and learning cycle in which teachers use assessment data to 
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identify steps that can benefit learners, as well as to identify student potential or areas of 

strength that could be supported through accelerated programs.  

There are different ways to test student knowledge and skills. In an article about 

cognitive and educational testing, Sternberg (2017) noted that not all tests are beneficial 

for all students, depending on their culture and social backgrounds. The author suggested 

that students who benefit the most from educational testing are those who come from 

environments that place a high value on testing and achievement. Sternberg (2018) also 

mentioned that identifying ways in which students can demonstrate their knowledge and 

potential could benefit school systems in understanding how they can better support 

students from various backgrounds. 

Both educational test theory and three-stratum theory provide a foundational 

framework for the exploration of how multiple measures can be used for accelerated 

program identification, how statistical variances may be identified on assessment 

outcomes for different subgroups and how the variances may be accounted for to identify 

students who have been historically overlooked. Educational test theory can be used to 

provide a foundation to assess understanding in a variety of content areas, while three-

stratum theory lends support to the use of multiple measures when attempting to 

understand more than one aspect of student strengths. Together, these theories can be 

used to support understanding of how assessments are impacted by cultural and social 

backgrounds as identified in cultural capital theory.  

The theories identified in this section help ground a study about the processes and 

results that can lead to or disrupt disproportionate identification of low-income students 

and students of color for accelerated programs. If a school district adopts policies that 
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support the use of multiple measures of academic potential to select students for 

participation in accelerated courses, it may increase the number of these historically 

underrepresented students. The use of these theories in combination support the concept 

that school district policies and practices for accelerated program identification can 

reduce disadvantages for individuals and improve future life outcomes by adopting 

methods to increase participation of low-income students and students of color in 

accelerated courses. 

Summary 

The purpose of this literature review was to review processes, methods, and 

measures that have been used by school districts to identify students for accelerated 

programs and to better understand why low-income students and students of color are 

identified at disproportionately lower rates as compared to their peers. Information in the 

literature review examined four themes to provide (a) background about accelerated 

programs in K-12 education; (b) processes that school districts use to identify students for 

accelerated programs; (c) how bias can impact disproportionate numbers of sub-groups in 

accelerated programs; and (d) theories that can be used to support a need to disrupt the 

historical underrepresentation of low-income students and students of color in accelerated 

programs. 

Past practice and recent recommendations for gifted identification have suggested 

the use of multiple measures that may include an assortment of cognitive tests, academic 

measures, and teacher input (Hamilton et al., 2018). Bias in both intelligence and 

academic measures can negatively impact the reliability and validity of these data for 

identification purposes (Olszewski-Kubilius & Corwith, 2018), and unconscious bias can 
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impact teacher perceptions about students (Moule, 2009). There is evidence that past 

practice has negatively impacted historically underrepresented students from accessing 

accelerated programs, and a deliberative use of multiple measures could change this 

pattern. 

This review of the literature provides information to support the idea that the 

assessments and measures used to identify students for accelerated programs may be a 

cause of the disproportionate representation of low-income students and students of color. 

The utilization of several different tests and assessments with the goal of mitigating bias 

for historically underrepresented students has been unsuccessful. Researchers have 

recommended the use of multiple measures to lessen bias, but no suggestions have been 

made about which assessments or measures to use or how to use the measures together. 

Without a clear method for using multiple measures for identification of students for 

accelerated programs, the underrepresentation of low-income students and students of 

color may continue. 
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CHAPTER 3: METHODOLOGY 

The goal of this study was to test the significance and examine the between-group 

differences for student socioeconomic status and race based on the results used for the 

identification of students for accelerated programs. To reach the goal, a statistical 

analysis of the results of three assessments administered to second grade students in a K-

12 school district for accelerated program identification purposes was conducted. To 

analyze the between-group differences using assessment data, three research questions 

guided the study: 

1. What is the difference in assessment results for low-income students and 

students of color compared to their peers at a given grade level? 

2. What is the significance of between-group differences when compounding 

dependent variables measured within and between independent variables?  

3. Can assessment results used to identify students for accelerated programs be 

adjusted based on between-group differences to affect the identification of 

low-income students and students of color for accelerated programs? 

The information in this chapter details the research method and design, data analysis 

methods, the instruments, and participants.  

Research Method 

A quantitative methodology can be used in a study undertaken to analyze the 

relationships between variables and test hypotheses. In an explanation of the differences 

between quantitative and qualitative methods, Park and Park (2016) stated that one 

purpose of quantitative research is to identify the underlying reasons a phenomenon may 

exist. The authors suggested that a quantitative study can help demonstrate statistical 
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interactions and increase the understanding of phenomena. In a study that analyzes 

assessment data used in the process to identify students for accelerated programs, a 

quantitative method can be used to examine statistical differences and relationships for 

students who identify as low-income or non-White or Asian. 

Neither qualitative methods nor mixed methods were selected for use in this 

study. Qualitative research methods can be focused on the collection of data that help in 

understanding lived experiences, behaviors, and emotions in which the findings can 

evolve (Levitt et al., 2018). Mixed methods research utilizes both qualitative and 

quantitative research to integrate findings that are insightful and result based (Levitt et 

al., 2018). The purpose of this study was to test the significance of between-group 

differences for student demographics and student assessment data when used as the 

variables. Quantitative research can be used to measure and analyze relationships 

between variables. In an article describing quantitative research, Watson (2015) stated 

that there are two types of variables: independent and dependent. The author suggested 

that independent variables can influence dependent variables. A quantitative method was 

used in this study to determine if the independent variables of low-income and racial 

demographics influence cognitive and academic assessment outcomes for students. 

Measuring the potential impact of independent variables on dependent variables make 

this method an appropriate choice. 

Cognitive and academic assessments in a K-12 school district were examined to 

understand if they are impacted by student demographic factors which may then create 

inequities for the identification of low-income students and students of color for 

accelerated program participation. In their meta-analysis, Cao et al. (2017) found that a 
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method for identifying the appropriate tools to use for gifted identification and how to use 

them together has not been identified. A quantitative methodology using assessments as 

dependent variables, as proposed in this study, may help reveal underlying relationships 

or biases associated with assessments. If factors are found that indicate bias selection, 

then they may be accounted for in the identification process for the purpose of reducing 

disproportionality between subgroups of students in the selection of students for 

accelerated programs. 

Research Design 

A quantitative research methodology with a large population size can support 

research questions focused on analyzing the between-group differences for assessment 

results (Rahi, 2017). A causal-comparative design can be used to examine the between-

group differences and the relationships of those differences to the groups (Apuke, 2017). 

In separate examples, Lodico et al. (2010) and Salkind (2010) stated that causal-

comparative design may be beneficial in explaining measurement differences between 

groups in which the events have already occurred or cannot be manipulated, including 

socioeconomic status, race, and gender. A review of data from assessments that have 

already been administered can be causal-comparative or ex post facto.  

Descriptive, correlational, and experimental research designs were not selected 

for use in this study. A descriptive research design can support the understanding of a 

setting or situation through the collection of data, but it does not measure between-group 

differences (Solheim et al., 2017). Salkind (2010) stated that correlational research 

designs can measure the effect of variables, but that only one group of individuals are 

used in a study. The purpose of this study was to test the significance of between-group 
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mean differences for more than one group: low-income students and students of color. 

Experimental research designs can be used when independent variables can be 

manipulated and random sampling can occur (Borgianni & Maccioni, 2020). In this 

study, events supporting the data have already taken place; thus, that data cannot be 

manipulated or changed. This makes a causal-comparative design an appropriate choice 

for the study of between-group differences for student assessments based on low-income 

status and race. 

Instruments 

Assessment data used in a study to test the significance of between-group 

differences for sub-groups of students were obtained from the K-12 school district 

student information system with the approval of a research project proposal. The student 

information system, Skyward, is a software database that securely houses all student 

information collected and reported for the normal operations and legal requirements of 

the district, including demographics, schedules, grades, and longitudinal data. 

Three assessment instruments were used for this study, all of which are 

administered to all second-grade students in the K-12 school district for the purpose of 

accelerated program identification. The results of those assessments are recorded and 

stored in the student information system. The assessment results from these three 

instruments are the dependent variables for this study and include: a standardized 

cognitive assessment (Naglieri Nonverbal Ability Test, 3rd), teacher-administered reading 

comprehension test (Fountas & Pinnell Benchmark Assessment System), and a computer-

adaptive mathematical skills test (Renaissance STAR Math). 

Naglieri Nonverbal Ability Test 
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The Naglieri Nonverbal Ability Test, 3rd Edition (NNAT3), is a web-based, 

nonverbal cognitive assessment that can be used to screen students for identification into 

gifted education programs; it is one of many available cognitive assessments from which 

school districts can choose. The district in this study selected the NNAT3 test for easier 

standardized administration, computerized scoring and to reduce potential bias for 

English learners of a language-dependent assessment. Giessman et al. (2013) found the 

use of a nonverbal assessment can benefit students from non-English speaking homes or 

culturally diverse backgrounds, as well as individuals with limited early learning 

opportunities. In a comparison of student performance using the NNAT3 and Cognitive 

Abilities Test, Form 6 (CogAT6), the authors noted that Latino, multiracial, and ELL 

students performed less disparately on the NNAT3 compared to their White and native 

English-speaking peers. 

A full cognitive test, such as the CogAT6, often analyzes areas such as verbal and 

quantitative areas of intelligence, in addition to nonverbal abilities. In an article about 

concerns and disagreements with the NNAT3, Naglieri and Ford (2015) addressed the 

use of a nonverbal assessment to measure cognitive abilities suggesting that all 

assessments have limitations and a nonverbal test can assess a students’ general ability 

level. The authors stated that they believed, along with academic measures, verbal and 

quantitative tests could be used for gifted education testing; however, such an assessment 

could be biased against students of color and those who did not speak English as their 

first language. The NNAT3 is a nonverbal cognitive assessment that attempts to limit bias 

that can be identified through verbal and quantitative tests and limit the under 

identification of low-income students and students of color for accelerated programs by 
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focusing on the identification and completion of increasingly complex patterns rather 

than vocabulary or computation skills. In the NNAT3 Manual, Pearson (2018) discussed 

the test reliability using the Rasch item response model to compare the NNAT2 with the 

NNAT3, utilizing both online and paper tests. Pearson found that the NNAT3 was 

reliable and the scores were comparable across the samples. To test the validity of the 

test, Pearson (2018) used the NNAT2 and Otis-Lennon School Ability Test (8th edition). 

The scores from all three tests were correlated and no significant effect was identified, 

which indicated the NNAT3 was valid and reliable as a cognitive ability measure. 

To assess a student’s nonverbal cognitive ability, all second-grade students in the 

Pacific northwest school district are administered the NNAT3 as part of the universal 

screening process. Both the national and local norms are reviewed, and the more 

favorable score of the two is used for identification purposes. The assessment is 

administered in the first trimester in each student’s classroom throughout all fifteen 

elementary schools. Classroom teachers are provided training on test administration and 

administer the assessment as their schedule allows during the school day. Scores are 

collected through the web based NNAT3 application and uploaded into Skyward by the 

district for recording and reporting purposes. 

Fountas & Pinnell Benchmark Assessment System 

Leveled reading comprehension assessments are administered in the Pacific 

northwest K-12 school district using the Fountas & Pinnell Benchmark Assessment 

System (BAS). Three times a year, in the fall, winter, and spring, the reading 

comprehension test, BAS, is administered by teachers one-on-one with students in 

kindergarten through fifth grade. The assessment utilizes a series of leveled fiction and 
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non-fiction books that increase progressively in complexity to measure a student’s 

reading comprehension skills (Fountas & Pinnell, 2017). Individuals can take between 

10-30 minutes to complete the assessment with a teacher. Teachers assess a student on 

oral reading fluency and comprehension skills to identify an independent and 

instructional reading level for each student. 

The use of assessments that are administered individually can create challenges in 

training and time. Klingbeil et al. (2015), in a study that compared validity of screening 

tools, suggested that time and resources would need to be allocated to administer 

individual assessments. In addition, the authors mentioned that subjective assessments 

like the BAS could necessitate that teachers be continuously trained on their use and 

implementation to validate the results. The reliability of the BAS test has been evaluated 

by Heinemann (2012) by comparing student scores from both fiction and non-fiction 

texts. The use of the test-retest model demonstrated that BAS was a reliable assessment. 

The validity of the reading test was determined by comparing student scores with scores 

from other reading tests (Heinemann, 2012). This comparison was done using the 

Reading Recovery and Slosson Word Test. The results of the comparisons demonstrated 

that BAS was a valid assessment of student reading comprehension levels.  

In the K-12 school district used for this study, teachers are trained on the 

administration of the assessment annually by school-based instructional coaches. During 

the training, teachers calibrate their scoring through videos and practice using the BAS. 

Student independent reading scores are recorded in Skyward by classroom teachers 

during all three assessment windows. The school district locally norms the fall literacy 

scores for use in identification of students for accelerated programs in the district. 
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STAR Math 

Students’ mathematical skills are measured through STAR Math, an online 

assessment from Renaissance Learning (2020). STAR Math is an online computer 

adaptive test that is norm-referenced and provides information to educators about 

individual student understanding and computational skills in mathematics (Topping, 

2020). Computer adaptive assessments use student responses from past questions to 

adjust the difficulty of questions (Johnson et al., 2020). In a study aimed at improving 

understanding of the growth model of STAR Math, Johnson et al. (2020) posited that the 

online assessment can accurately measure student progress in relation to grade-level 

expectations for student math abilities. STAR Math can be taken multiple times during a 

school year to measure student progress in that subject over time. 

STAR Math assesses math skills in counting, ratios, operations, number systems, 

geometry, measurement, and equations and reports comparisons to expected student 

grade level progress during the year, national norms, and recommended instructional 

levels (Meador, 2018). This information can be used to identify areas of student strength 

within math and potential supports that can be provided to students to continue their 

mathematical growth. Reliability and validity studies involving STAR Math were 

provided by Renaissance Learning (2020). Reliability was tested by having the same 

students take the test during multiple administrations while, over time, validity was 

determined by utilizing construct validity to ensure the test measured math skills and the 

scores reported accurate information (Renaissance Learning, 2020). STAR Math was 

determined to be both reliable and valid in a study by Renaissance Learning. 
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The STAR Math assessment is administered to all first through fifth grade 

students in the school district used in this study. Students only participate in the 

assessment in the fall, allowing teachers to understand how they are performing at the 

beginning of the year. The data from the assessment are collected from the STAR Math 

online application and uploaded into Skyward for district recording and reporting. For the 

accelerated program identification process, the data are locally normed to determine if the 

national norm or local norm for individual students is more favorable. The higher norm is 

then used for identification of students for accelerated programs. 

Independent Variables 

Two independent variables were used in this study including socioeconomic 

status and race. Socioeconomic status is the social class of an individual or group, 

measured by family income level, educational attainment or other social or economic 

measures. Free- and reduced-price meal eligibility status in K-12 education were used to 

measure socioeconomic status, specifically to determine students who are considered 

low-income (Gajo et al., 2019). Students are either considered to be low-income or not 

low-income. 

Students of color is a collective racial term used for non-White, non-Asian 

students. To receive federal funds, elementary and secondary schools must ask families to 

identify which of seven categories best fits their child’s race: American Indian or Alaska 

Native, Asian, Black or African American, Hispanic, Native Hawaiian or Other Pacific 

Islander, White, and Two or More Races (U.S. Department of Education, 2008). The use 

of the phrase, students of color in this study, i.e., identified by a racial category that is not 

White or Asian, represents those who have historically been underrepresented in 
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accelerated programs. All seven racial categories were analyzed to test the significance of 

the relationships between each category and the dependent assessment variables. Both 

low-income students and students of color have been historically underrepresented in 

accelerated programs which is why both sub-groups have been included as independent 

variables. 

Participants 

With more than 15,000 students in kindergarten through twelfth grade, the school 

district used for this study is considered a large-sized school district in Washington state. 

The district is comprised of an urban community serving five municipalities that includes 

a diverse student population. After seeing overall growth in student enrollment numbers 

over the previous four years, overall enrollment has remained steady for the past three. 

An equal number of Asian, Hispanic, and White students make up seventy-five percent of 

the student demographics, followed by Black, Pacific Islander, and Native American 

students. The proportion of bi-racial students is growing while the overall number of 

students has remained steady. From 2017 to 2019, the percentage of students receiving 

free and reduced lunch has gone down slightly from 53.7 to 52.4 percent, while, for the 

past five years, the proportion of English language learners has fluctuated between 

sixteen to eighteen percent reflecting the district’s continuous influx of non-English 

speaking immigrants from East Africa, Asia, and Eastern Europe. 

This study was conducted using data from approximately 1,200 second grade 

students in a K-12 school district in the Puget Sound region. Data from all second-grade 

students enrolled during the 2019-20 school year that participated in the district’s 

universal screening process for accelerated program identification were included in the 
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study population. The school district utilizes second grade as the universally screened 

grade, in which an entire grade level is screened for gifted services eligibility as 

mandated by state guidance. 

Second grade students in the 2019-20 school year were largely representative of 

the overall elementary student population in the school district but not for the district as a 

whole. There were 1,207 total students in the second grade, and the racial demographics 

of the students were: 27% White, 23% Asian, 19% Hispanic, 15% African American, 

14% Multi Racial, and 2% Native American/Pacific Islander. The percent of low-income 

second grade students was 45%, as measured by free and reduced lunch eligibility, which 

is lower than the district as a whole. The second-grade cohort also had 31% of the student 

population who were identified for English language services, which was nearly twice the 

proportion of the district as a whole. The study was close to a total population study 

because the screening assessment is given to all second-grade students, except for 

students from families electing to opt-out of the process. 

Data Analysis Methods 

SEM can be used to test the significance of between-group mean differences of 

socioeconomic status and race on assessment data used in the identification of students 

for accelerated programs (Tarka, 2018). SEM, also known as confirmatory factor 

analysis, can be used to analyze relationships between all variables, observed and 

unobserved, and measure the significance of the relationships between variables when 

analyzing sets of data (Vogt, 2007). Crossman (2020) stated that SEM allows for multiple 

regression analyses of relationships between independent variables and dependent 

variables to be examined. 
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There are multiple methods that could be used to analyze the between-group 

relationships of assessment data used in this study. SEM is a better choice to analyze the 

relationship between independent and dependent variables compared to a common factor 

analysis or principal components analysis as it allows for correlations between and 

among independent and dependent variables (Crossman, 2020). An analysis of variance 

(ANOVA) and a t-test can compare mean scores of groups, but the output for these tests 

only provide significance and not coefficients (Emerson, 2017). The use of SEM may 

allow for a model to be created, analyzed, and developed further in the future with the 

inclusion of more data if needed. 

In a study to identify the significance between student demographics and 

assessment outcomes, SEM was utilized to look for significant coefficients and 

relationships that may influence disproportionate accelerated program identification for 

low-income students and students of color compared to their peers (Hall & Malmberg, 

2020). The outcomes from SEM can be used to understand the research questions and test 

the hypotheses of the study, which are centered around understanding how the 

assessments used for identifying students for accelerated programs can create the 

disproportionate outcomes. 

Structural Equation Modeling 

SEM is a combination of statistical techniques that can support the proposed 

analysis of data by identifying coefficients and relationships between independent and 

dependent variables and within measured variables that have not been observed from 

other means. This data analysis method allows for flexibility in creating the model, and 

combines factor analysis and regressions analysis (Crossman, 2020). In a description of 
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SEM, Breitsohl (2019) indicated that this method can be used to test large sample sizes 

and multiple variable relationships at one time in social and behavioral sciences. 

Alessandri et al. (2017) stated that SEM could be used to measure the variance and 

covariance of test scores and that it provides more information compared to other 

methods for analyzing data such as ANOVA. 

In an explanation of SEM, Qureshi and Compeau (2009) suggested that SEM can 

measure between group differences for separate variables or in combination to measure 

latent constructs. The authors stated that SEM can test for variance or linear relationships 

of variables, as well as identify the significance level between the independent variables 

of low-income and racial demographics, and dependent variables of assessment data. The 

significance level may be used to identify correlations and relationships to help 

understand the disproportionate identification of historically underrepresented sub-groups 

for accelerated programs. 

A statistics software package, SPSS Amos, was used to conduct the SEM. To 

begin this process, all the data were entered from a single spreadsheet obtained from the 

school district’s Skyward database that included all second grade students’ race, free and 

reduced lunch status, grade level, NNAT3 cognitive assessment score, BAS reading 

level, and STAR math score. Crossman (2020) stated that a graphic diagram of the 

relationships, called a path diagram, is fundamental to SEM as it provides a visual of the 

graphic model and relationships between variables that were measured. The author wrote 

that path diagrams provide SEM with hypothetical models and sets of relationships that 

can be used for the analysis. 
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A chi-square test was used to run the goodness of fit test for each path diagram 

created to identify which diagram can provide data for the SEM analysis (Meyer, 2020). 

Adjustments can be made to the path diagram by removing variables or creating 

alternative paths to find one that has statistical significance and sufficiently low error. 

This produced an estimated matrix to ensure that the model was good and adequate to 

conduct the SEM. Once goodness of fit is determined from the chi-square test, a 

measurement model can be specified (Crockett, 2012). In an explanation of how to 

conduct SEM, Crockett (2012) stated that the model will identify the direct relationship 

between independent and dependent variables, in addition to any indirect relationships in 

the model.  

A graphic model that includes the variables must be created and identified for 

SEM to work effectively. To increase the likelihood of an effective structural model, 

Crockett (2012) suggested setting the causal path from each independent variable to the 

corresponding dependent variable to zero. This fixed number can help support more 

reliable scores when the SEM is run. To successfully run SEM, Crockett (2012) 

mentioned that the output produces unidirectional relationships, meaning that the number 

of elements produced in the covariance matrix were less than what were identified in the 

measurement model. 

There are assumptions that must be met to ensure SEM is as accurate as possible; 

these can include sample size, no missing data, and model specification (Sarstedt & 

Ringle, 2017). Sample size can create data that are unstable or that have high variability. 

In an article about sample size requirements for SEM, Wolf et al. (2013) stated that 

sample size could be adjusted for when evaluating the model for fit. The authors also 
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suggested that missing data can impact the results more than the size of the sample. The 

data analyzed for this study were close to total population with all data for each student, 

so the assumptions of sample size were addressed and students with missing data were 

removed from the sample. Model specification errors can occur when relevant variables 

are left out of the model (Vogt, 2007). Model errors can vary in impact and can be 

addressed by testing the model for consistency and fit (Bollen & Noble, 2011). 

Prior to selecting the final path diagram, a chi-square test was used to run the 

goodness of fit which assesses the overall discrepancies between the model and 

covariance matrices. If goodness of fit is less than or equal to 0.05, the parameter 

estimates would be considered significant (Crockett, 2012). The structural model can 

then be analyzed to determine the extent to which the model fits. This was done by 

analyzing the critical value of each parameter. 

Research Questions 

Once the constructs from SEM were evaluated, coefficient scores were calculated 

to determine the significance of the relationships between the independent variables and 

the dependent variables in the path diagram. Significance was measured by a p-value less 

than or equal to 0.05. SEM can help in analyzing the score variance in assessment results 

and identify significant coefficients. The resulting model can help clarify how low-

income status and race impact the outcomes on multiple identification measures and be 

used to answer the research questions used for this study. 

The first research question was: What is the difference in assessment results for 

low-income students and students of color compared to their peers at a given grade level? 

Based on the results of a linear regression run for the SEM analysis, the difference 



  

 53 

between low-income students compared to non-low-income students can be measured for 

the nonverbal cognitive assessment and the academic measures used for accelerated 

program identification. Figure 1 represents a multiple factor SEM model in which the two 

independent variables may impact multiple dependent variables, as examined in the first 

research question. Regression coefficients for all racial groups and socioeconomic status 

may be identified for the same three assessments. The between-group differences in the 

dependent variables as identified by the coefficients may help in understanding the 

degree to which race and low-income demographics of historically underrepresented sub-

groups of students play a role in different rates of identification for accelerated programs. 

Figure 1 

Multiple Factor Structural Equation Model for Research Question 1 

 

Note. F represents the independent variables that can have a direct impact on the 

measured dependent variables, which are designated as Y. The arrows between F and Y 

are the regression coefficients represented by b (Breitsohl, 2019). Indicator intercepts are 
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represented by u, which is the error in measurement associated with each dependent 

variable. 

The second research question sought to test the significance of between-group 

differences for dependent assessment variables when compounding independent 

demographic variables. A multiple variable model identifying differences between and 

within compounded variables is seen in Figure 2. This model shows how SEM was used 

to answer research question two. SEM can help when analyzing between-group 

differences when low-income and race are used as compounding independent variables. 

These compounded variables may identify if the significance is greater or smaller when a 

student identifies as both low-income and non-White, non-Asian compared to their peers. 

A significant coefficient may also be found between combinations of assessments in 

relation to low-income and race, which can help in further understanding how the 

assessment data impacts identification of low-income students and students of color for 

accelerated programs. 

Figure 2 

Multiple Factor Structural Equation Model for Research Question 2 

 



  

 55 

Note. F represents the independent variables that can have a direct impact on the 

measured dependent variables, which are designated as Y. The arrows between F and Y 

are the regression coefficients represented by b (Breitsohl, 2019). Indicator intercepts are 

represented by u, which is the error in measurement associated with each dependent 

variable. The thicker arrows represent variable combinations when they are compounded, 

and the dash-dotted lines represent the groupings of variables. 

The final research question was: Can assessment results used to identify students 

for accelerated programs be adjusted based on between-group differences to affect the 

identification of low-income students and students of color for accelerated programs? 

Once the relationships between all of the observed and unobserved variables are 

understood for low-income students and students of color, significant coefficients from 

the SEM process that may impact identification outcomes can be accounted for and 

adjusted for one or more of the individual student assessment results based on the 

variances found in research questions 1 or 2. These adjustments can be made by applying 

the coefficients to assessment scores by socioeconomic status or race. The adjusted 

results can be used to order students by percentiles and compare the results to the order of 

students in percentiles without adjustments. 

Comparative descriptive statistics can be used to analyze the rank order of 

students in second grade with and without the coefficients found to be statistically 

significant at p < 0.05 applied for the dependent variables. Analysis of the student 

assessment scores before and after the inclusion of the coefficients may help determine if 

more students identified as low-income and students of color are rank ordered above a 

certain threshold, such as the 90th percentile of the grade. The demographic differences 
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between the two sets of data, in the various areas assessed, may be used to answer 

research question three. Based on the adjustments made to the ranking of students after 

accounting for the significant factors in assessment outcomes arising from SEM, more 

low-income students and students of color may be identified for accelerated programs. 

To test the significance of between-group differences between the assessment 

results without and with the coefficient applied, a chi-square test of homogeneity can be 

used. In an article about Pearson’s chi-square tests, Nihan (2020) stated that a chi-square 

test could be used to interpret findings from two or more groups. The author suggested 

that a chi-square test of homogeneity could be used to test the significance between two 

groups and to determine if the distribution fits the expected distribution of observed data. 

A chi-square test of homogeneity can be used to compare the racial and economic 

distribution of second grade students with and without the coefficients within the second-

grade cohort. 

A chi-square test was used to determine if disproportionality exists between 

students at or above the 90th percentile compared to the distribution of all students in the 

cohort by race and socioeconomic status. The threshold of at or above the 90th percentile 

was selected because students selected for accelerated programs are generally identified 

based on higher scores on standardized tests. Some districts may use different thresholds 

but at or above the 90th percentile was assumed to be a reasonably high threshold. The 

chi-square test was significant at p < 0.05. First, a chi-square test determined if the 

distribution of students at or above the 90th percentile before the coefficient is applied is 

the same as the expected distribution for the total cohort population by race and 

socioeconomic status. Next, another chi-square test was used to determine if the 
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distribution between groups at or above the 90th percentile with and without the 

coefficient applied are similar. A third chi-square test determined if the distribution of 

students at or above the 90th percentile after the coefficient is applied is the same as the 

expected distribution for the total cohort population by race and socioeconomic status. 

Limitations 

There are limitations to a study involving student demographic data and 

assessment scores. Data entry into a student information system relies on an individual 

manually entering data or mass uploading data sets. Guardians of students’ complete 

documents online or on paper to identify with one of seven broad, federal race categories, 

but there is no verification process to ensure the racial category identified is accurate. 

Spicker (2018) suggested that different individuals from different regions can interpret 

categories differently, creating potential limitations to variables in a quantitative study.  

Individuals at all fifteen school locations throughout the school district enter the 

data into the student information system, Skyward. Data entry errors which may impact 

the study can occur during these processes. Data from a single grade level in the school 

district in a single year were reviewed. Results may be different if different cohorts of 

students or data from different years were used in the data analysis, which can be a 

limitation. 

Assessment data is also another limitation to the study. The school district 

providing data for the study utilizes BAS as the standardized reading assessment at the 

second-grade level, an assessment which relies on some professional judgement to 

interpret a student’s responses. Teachers participate in annual training to administer the 

assessment, but there are times when individual teachers may not have been trained in a 
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given year. The BAS scores are not systematically calibrated across the district and, 

based as they are on teacher skill and judgement, may skew the data’s reliability. This 

can be a limitation when second-grade data are locally normed. 

Students participate in an online math assessment and nonverbal cognitive test, 

but as mentioned, the reading assessment is performed during a one-on-one meeting 

between individual students and teachers, which allows some subjectivity. While the 

scores can be normed, there are limitations in ensuring the assessment scores are equally 

reliable across the school district. 

The limitation of the data accuracy can be mitigated by “cleaning” the data and 

comparing it to cohort data from second grade students in prior years. Cleaning the data 

can be completed by checking for duplicate information, verifying all data is complete, 

and deleting inaccurate or irrelevant information. 

Delimitations 

There are delimitations in a quantitative study utilizing student assessment data. 

Data were used from second grade students in a K-12 school district for the 2019-2020 

school year. The school district in this study identifies locally administered assessments 

that are used for instructional purposes at the second-grade level. Other school districts 

may implement different assessments to support instruction. 

Another delimitation is the use of second grade students for universal screening. 

The state of Washington requires that universal screening be implemented, but school 

districts have autonomy in making decisions about the grade level in which universal 

screening takes place. Both the grade level used for universal screening and the 

assessments used may be different for different districts. 
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Finally, the findings and results may not be applicable to other groups or grade 

levels because of the data used, make-up of the students, and uniqueness of locally 

required assessments. Every cohort of students may be of a different size and 

demographic make-up, including race, socioeconomic status, and of English language 

learners, and experiences or access to early learning or other educational supports. 

Summary 

A quantitative method, SEM, was used to measure the between-group differences, 

identify significant coefficients, and analyze the relationships within and between 

independent and dependent variables. The purpose of this causal-comparative study was 

to test the significance of between-group differences for student socioeconomic status 

and race and the results of assessments used to identify second grade students for 

accelerated programs. An attempt to determine if statistically significant observed or 

unobserved bias can be used to reduce disproportionate identification of low income and 

students of color in a Pacific northwest K-12 school district was conducted through this 

study. Second grade students were selected as they are universally screened in the school 

district for identification of accelerated programs. 
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CHAPTER 4: RESULTS 

The purpose of this quantitative casual-comparative study was to measure the 

between-group mean differences in assessment data for low-income students and students 

of color that may contribute to the disproportionate identification of second grade 

students for accelerated programs. A finding of significant between-group differences in 

assessment results for socioeconomic status and race can help identify potential test bias. 

SEM can be used in a quantitative causal-comparative design to measure the significance 

of the relationships between and amongst independent and dependent variables for a large 

population of second grade students in a diverse K-12 school district. Data from 

assessments universally administered to the entire population of second grade students in 

the district were available for the study. The following research questions and hypotheses 

were used to measure the significance of between-group differences of assessment tools 

used for accelerated program identification. 

1. What is the difference in assessment results for low-income students and 

students of color compared to their peers at a given grade level? 

H0 – There is no significant mean difference in assessment results for low-income 

students and students of color compared to their peers at a single grade level. 

H1 – There is a significant mean difference in assessment results for low-income 

students compared to their non-low-income peers at a single grade level. 

H2 – There is a significant mean difference in assessment results for students of 

color compared to their peers at a single grade level. 

2. What is the significance of between-group differences when compounding 

dependent variables measured within and between independent variables?  
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H0 – There is no significant mean difference in the relationships between 

dependent variables and independent variables when compounded. 

H1 – There is a significant mean difference in the relationships between dependent 

and independent variables when compounded. 

3. Can assessment results used to identify students for accelerated programs be 

adjusted based on between-group differences to affect the identification of 

low-income students and students of color for accelerated programs? 

H0 – Adjustments based on between-group significant mean differences do not 

increase the identification of low-income students and students of color. 

H1 – Adjustments based on between-group significant mean differences increase 

the identification of low-income students for accelerated programs. 

H2 – Adjustments based on between-group significant mean differences increase 

the identification of students of color for accelerated programs. 

This chapter provides the racial demographic information and free and reduced 

lunch breakdown of the second-grade cohort compared to the overall district population. 

Next, the second-grade students’ data are analyzed to answer each of the three research 

questions. In the analysis for question two, results from a chi-square tests to determine 

goodness of fit for the path analysis model are shared. 

Presentation of Results 

The data used to answer the research questions and test the hypotheses are 

presented in summaries along with details of the information in tables. Demographic 

descriptive statistical information about the second-grade cohort data is compared to the 

total district population to determine how representative the demographics are when 
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compared. Data from the cohort used in the study is compared to cohort data from second 

grade students in other years. Tables and narrative summaries are shared to present the 

results from the SEM to answer the research questions. 

Demographic Statistics 

Second-grade data collected for the SEM analysis included 1209 student records. 

After the data were cleaned, 1082 student records remained for students enrolled in 

October 2019. 110 students with incomplete data, such as a missing assessment score, 

were removed as were all data for 17 students that identified as American Indian or 

Pacific Islander. The total number of students for these two racial categories was less 

than ten respectively and were removed to protect the identity of the students in these 

categories. Each remaining record included a dummy ID, one of seven racial categories 

taken from the district student information system, and individual student scores for the 

assessments used for accelerated program identification: BAS, NNAT3, and STAR Math.  

The racial distribution of the 1082 second-grade students was 23% Asian (n = 

253), 14% Black (n = 150), 23% Hispanic (n = 251), 26% White (n = 278), and 12% Two 

or more races (n = 134). Together, this distribution comprises 98% of all second-grade 

students enrolled in the district in 2019. The demographic distribution of both the second-

grade records included in the study and the district as a whole can be seen in Table 1, 

along with counts and percentages of the population. The second-grade cohort in the 

study had proportionally fewer Asian students (- 2%) and Hispanic students (- 3%) than 

the district in 2019. The cohort has proportionally more White students (+ 4%) and 

students of two or more races (+ 2%) than the district. 
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Table 1 

Racial Demographics of Second Grade Cohort and Overall District Population in 2019 

Race Second Grade District Difference 

 n % n % % 

American Indian 0* 0* 62 0% 0** 

Asian 253 23% 3678 25% - 2% 

Black 150 14% 2191 15% - 1% 

Hispanic 251 23% 3854 26% - 3% 

Pacific Islander 0* 0* 167 1% 0** 

White 278 26% 3319 22% 4% 

Two or More Races 134 12% 1501 10% 2% 

Total 1082 98% 14772 100%  

Note. * Reflects the number of students in that category was less than 10 and was 

removed to protect personally identifiable information. ** Reflects that no comparison 

between second grade and overall district demographics could be made due to the 

removal of the second-grade student data in this category. 

There were no incomplete free and reduced lunch data for the 1082 records of 

second grade students. The free and reduced lunch distribution of the second-grade 

students was 47.9% (n = 518) eligible and 52.1% (n = 564) not eligible. The distribution 

of both the second-grade cohort and district counts, and the percentages of free and 

reduced lunch are represented in Table 2. The proportion of students eligible for free and 

reduced lunch was comparable (- 2%) to the proportion of eligible students in the entire 

district in 2019. 
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Table 2 

Free and Reduced Lunch Count of Second Grade Cohort and Overall District Population 

in 2019 

Free and Reduced 
Lunch 

Second Grade District Difference 

 n % n % % 

Eligible 518 47.9% 7369 49.9% - 2% 

Not eligible 564 52.1% 7403 50.1% 2% 

Assessment Information 

Three assessments were administered to all 1082 second grade students during the 

fall of 2019. The scale scores were used in SEM to calculate a regression from each race 

category and free and reduced lunch status to each assessment. The model used in SEM 

also measured the significance of the between-group mean differences in the regression. 

To ensure the scores are valid and reliable for the second-grade students in the 

study, assessment results taken by second-grade students in the fall of 2018 were 

compared to results on the same assessments by second grade students in 2019. 

Descriptive statistics provide the mean and standard error for the assessment data for two 

cohorts of second grade students. The standard error is the approximate error from the 

mean of the whole sample. An individual student score, low to high, for BAS could range 

between 0 - 28, the score range for the NNAT3 is 1452 - 1689, and the score range for 

STAR Math is 23 - 731. The BAS scale score means in 2019 was 10.61 with a standard 

error of 3.39. The NNAT3 scale score means in 2019 was 1591.24 with a standard error 

of 35.26. The STAR Math scale score means in 2019 was 426.98 with a standard error of 

97.21. The scores for all three tests for 2019 and two assessments given to students 2018 
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are presented in Table 3 for comparison purposes. There were no results for the NNAT3 

test for 2018 because the school district first administered the test in 2019. 

Table 3 

Mean Assessment Score Data for Second Grade Cohort in 2018 and 2019 

Test Mean Standard Error 

2019 

BAS Scale Sore 10.61 3.39 

NNAT3 Scale Score 1591.24 35.26 

STAR Math Scale Score 426.98 97.21 

2018 

BAS Scale Sore 10.53 3.47 

STAR Math Scale Score 425.71 90.48 

Both years have BAS and STAR Math scale score information, and the scores are 

comparable. The BAS assessment has a mean difference of a 0.08 increase from 2018 to 

2019 and, with a range of 28, this difference is reasonable. STAR Math had a mean 

increase of 1.27 from 2018 to 2019 and, with a range of 708, this difference is also 

reasonable. Based on a comparison of the two years, the assessment scores for the 2019 

cohort in the study are considered to be both valid and reliable. 

Research Question Statistics 

The following sections present the results of the data analysis for each research 

question. The use of SEM enabled calculation of the regression coefficients between race 

and low-income status and all the assessments for questions one and three, as well as the 

path analysis model created for question two. 
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Research Question 1 

The first research question concerned the significance of between-group 

differences for low-income students and students of color compared to their peers on the 

dependent variables. For this analysis, the characteristic values were assigned 0 or 1; for 

example, Asian students (1) compared to non-Asian students (0). A negative coefficient 

means students in each category (1) scored lower when compared to other students 

without that characteristic (0). The inverse of the coefficients that were statistically 

significant were used to counteract the potential bias as a treatment. 

The information obtained from SEM about the significance of these between-

group differences in the BAS test is represented in Table 4. The scores were significant at 

p < 0.05. Students who are low-income had the largest coefficient value (βFRL = - 2.15, p 

< .001) overall. Compared to the other race categories, students identified as Hispanic 

had the most significant coefficient (βh = - 2.11, p < .001). The coefficient values for 

students of color, non-White and non-Asian, were larger than those of their peers. The 

variance from the mean in scale scores of one standard deviation is represented by the z-

score. Both Hispanic and low-income students had a larger standard deviation for BAS 

scores compared to all other groups. All p-values were less than 0.05. 

Table 4 

BAS Results 

Race and FRL Coefficient Standard Error z p 

Asian -0.62 0.22 -3.80 .005 

Black -0.69 0.27 -2.55 .011 

Hispanic -2.11 0.22 -9.51 < .001 
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Race and FRL Coefficient Standard Error z p 

White -0.55 0.22 -2.58 .010 

Two or More Races -0.70 0.29 -2.45 .014 

FRL -2.15 0.19 -11.43 < .001 

Note. FRL is free and reduced lunch which is used as the indicator for low-income. The 

race categories of American Indian and Pacific Islander were removed so these data were 

not recorded. Scores were significant at p < 0.05. 

The results of the regression performed in SEM to measure between-group 

differences for BAS reject the null hypothesis by race. There are large and significant 

BAS score mean differences for all racial groups when a single racial group is compared 

to all other students. Specifically, Hispanic student scores had a large coefficient 

difference compared to other races, and these scores also showed a wider standard 

deviation. Students identified as free and reduced lunch also show a significant difference 

compared to their peers as measured by SEM with p < 0.05, and a wide standard 

deviation. The null hypothesis was rejected for significant mean differences as measured 

by the BAS for students identified as free and reduced lunch. 

The information obtained from SEM about the significance of the between-group 

differences in the NNAT3 test is represented in Table 5. The scores were significant at p 

< 0.05. Students who are low-income had the largest coefficient (βFRL = - 16.09, p < .001) 

overall. Within the race categories, students identified as Black had the largest coefficient 

(βb = - 14.03, p < .001) compared to the other race categories. The coefficients for 

students of color were larger than their peers. The coefficients and standard deviations for 

Asian and White race categories were smaller than those of their peers and did not exhibit 
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significant p-values (i.e., less than 0.05). Both Black and low-income students had a 

higher standard deviation for NNAT3 scores as compared to all other groups. 

Table 5 

NNAT3 Results 

Race and FRL Coefficient Standard Error z p 

Asian 3.39 2.38 1.43 .154 

Black -14.03 2.91 -4.82 < .001 

Hispanic -11.13 2.39 -4.67 < .001 

White -1.48 2.30 -0.64 .520 

Two or More Races -11.11 3.06 -3.64 < .001 

FRL -16.09 2.02 -7.99 < .001 

Note. FRL is free and reduced lunch which is used as the indicator for low-income. The 

race categories of American Indian and Pacific Islander were removed so these data were 

not recorded. Scores were significant at p < 0.05. 

The results of the regression performed in SEM to measure between group 

differences for the NNAT3 rejected the null hypothesis by race. Students of color (i.e., 

non-White and non-Asian) had significant and large mean between-group differences 

with p < 0.05. Students identified as free and reduced lunch also showed a significant and 

large difference as measured by SEM with p < 0.05. The null hypothesis was rejected for 

significant mean differences as measured by the NNAT3 for students identified as free 

and reduced lunch. 

The information obtained from SEM about the significance of between-group 

differences in the STAR Math test is presented in Table 6. The results of the analysis 
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were similar to the results for the NNAT3. Students who are low-income had the largest 

significant coefficient (βFRL = - 52.37, p < .001). Within the race categories, students 

identified as Hispanic had the largest coefficient (βh = - 50.36, p < .001) compared to the 

other race categories followed by students identified as Black and then students identified 

as Two or more races. The coefficients for White and Asian students were both smaller 

than their peers and did not have p-values less than 0.05. Both Hispanic and low-income 

students had a higher standard deviation for STAR Math scores compared to all other 

groups, and the z-score for White students was the lowest. 

Table 6 

STAR Math Results 

Race and RFL Coefficient Standard Error z p 

Asian 8.62 6.34 1.36 .174 

Black -34.41 6.36 -4.43 < .001 

Hispanic -50.36 6.36 -7.92 < .001 

White -4.02 6.14 -0.65 .513 

Two or More Races -17.02 8.15 -2.09 .037 

FRL -52.37 5.37 -9.75 < .001 

Note. FRL is free and reduced lunch which is used as the indicator for low-income. The 

race categories of American Indian and Pacific Islander were removed so these data were 

not recorded. Scores were significant at p < 0.05. 

The results of the regression performed in SEM to measure between group 

differences for STAR Math rejected the null hypothesis by race. All three groups of 

students of color had significant between-group mean differences with p < 0.05. Students 
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identified as free and reduced lunch also showed a significant difference as measured by 

SEM with p < 0.05. The null hypothesis was rejected for significant mean differences as 

measured by the STAR Math for students identified as free and reduced lunch. 

Research Question 2 

The second research question attempted to identify the significance of between-

group differences when compounding the dependent assessment variables, measured 

within and between, and the independent demographic variables of race and low-income. 

A SEM path analysis model was created for this analysis but did not allow achievement 

of goodness of fit through the use of chi-square tests, comparative fit index (CFI), and the 

root mean square error of approximation (RMSEA). 

To determine if a path analysis model created is acceptable, goodness of fit can be 

measured using statistical tests. Chi-square tests are the most frequently utilized tests in 

SEM to measure goodness of fit (Jiang et al., 2017). A chi-squared test compares groups 

in a SEM model to determine population covariance and is generally considered 

acceptable at < 0.05 significance level. In an article about equivalence testing, Jiang et al. 

(2017) stated that the rejection of a model (> 0.05) using chi-square tests does not 

indicate that the model cannot be used. The authors suggested that chi-square tests cannot 

control type I errors which occur when a false positive result is recorded, and the null 

hypothesis is incorrectly rejected. Other tests can be used to identify goodness of fit when 

a type I error occurs. Yuan and Chan (2016) stated that chi-square tests in SEM can be 

impacted by the number of variables and directions of comparisons, which can limit the 

chi-square test output and approximations. 



  

 71 

Alternative tests that can be conducted to determine goodness of fit can include 

comparative fit index (CFI) and root mean square error of approximation (RMSEA). CFI 

assesses the incremental fit of a model and can be used to determine fit of uncorrelated 

variables (Garrido et al., 2016). Yuan and Chan (2016) suggested that RMSEA can be 

used in combination with adjusted cutoff values to determine good, fair, or poor fit. The 

authors stated that a model with poor fit can still be used for approximation, but the 

model may need to be adjusted for further analysis. If the model has limitations like a 

limited number of variables or unidirectional or multi-directional relationships, a 

goodness of fit adjustment for the model may not be possible.  

The chi-square goodness of fit test is presented in Table 7. The test included all 

1082 records and returned a value of 4558.37 with 18 degrees of freedom. The chi-square 

test was run through SPSS Amos. Since the returned value was so high, there was likely a 

type I error, or the variables were too restrictive, and the level of significance is 

inaccurate. This result can occur when there are a limited number of variables or the 

relational directions are too restrictive as posited by Yuan and Chan (2016). 

Table 7 

Chi-Square Goodness of Fit 

 Value df p 

Chi-Square 5016.81 18 .000 

Because the chi-square test did not provide goodness of fit, the CFI and RMSEA 

tests were evaluated. CFI has an index range of 0 to 1, where higher values indicate 

stronger fit (Garrido et al., 2016). RMSEA is a measure of absolute fit and the 

significance cutoff can be set at any level. Yuan and Chan (2016) suggested multiple 
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cutoffs to identify “good fit” at .01, “fair fit” at .05, “close fit” at .08, and “poor fit” at .10 

and above. Table 8 presents the goodness of fit as measured by CFI and RMSEA. Both 

methods demonstrated poor fit for the path model analyzed. The default model has scores 

based on the model as it is designed (see Appendix). The independent model scores test 

the model with the assumption that all the variables are correlated with other variables. 

Table 8 

Model Fit Summary 

 RMSEA CFI 

Default Model .483 .105 

Independence Model .361 .000 

The model produced covariance information between all race categories, each 

race category and free and reduced lunch, and between each assessment. Failure to reach 

goodness of fit suggests the data available cannot provide a reliable path model. The data 

obtained from SEM failed to reject the null hypothesis for research question two. 

There are several potential reasons for failure to achieve goodness of fit. Tarka 

(2018) stated that a limited number of variables could cause errors in the calculations to 

achieve goodness of fit. The author also suggested that unidirectional and multi-

directional relationships may create constraints that limit the model in calculating 

goodness of fit. The model used for this study had only two independent variables with 

multiple categories. The limited number of demographic variables available from the 

district may have impacted the goodness of fit in this model. The direction of the 

relationships between the low-income and race variables may also have had an impact. 

No results are presented for research question two as goodness of fit was not achieved, 
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and no results from a path diagram could be shared with confidence to provide a clear 

answer to research question two. 

Research Question 3 

The goal of the third research question was to determine if significant between-

group mean differences could be used to adjust the outcomes of the measures used for 

accelerated program identification and increase the proportion of low-income students 

and students of color that may be identified for accelerated program participation based 

on these measures. To test the hypotheses associated with this research question the 

inclusion of regression coefficients from question one that were significant were factored 

into student scores. The inclusion of coefficients was completed by adding the inverse of 

the coefficient to each individual original scale score for those groups that had significant 

mean group differences, indicated by their p-values on a given test. 

Students’ assessment scale scores for all 1802 records of second grade students’ 

assessment scores were ordered, high to low, without the addition of the coefficients and 

then re-ordered after the addition of the coefficients. A threshold of the 90th percentile 

was applied to each rank ordering and those at or above the 90th percentile was compared 

by race and low-income. Students with identical scale scores, before or after coefficients 

were added, landed in the same percentile rank. 

Coefficients for significant mean group differences (p < 0.05) for each test were 

applied to the scores for all students in that group based on race and free and reduced 

lunch status. The BAS reading test was the only assessment for which every group had 

coefficients added. The coefficients used with BAS by race were Asian, βa = - 0.62, 

Black, βb = - 0.69, Hispanic, βh = - 2.11, White, βw = - 0.55, and Two or more races, βtmr 
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= - 0.70, and the coefficient used for low-income was βfrl = - 2.15. NNAT3 used the 

coefficients Black, βb = - 14.03, Hispanic, βh = - 11.13, and Two or more races βtmr = - 

11.11 for race, and low-income was βfrl = - 16.09. The coefficients for STAR Math by 

race were Black, βb = - 34.41, Hispanic, βh = - 50.36, and Two or more races, βtmr = - 

17.02, and βh = - 52.37 was used for low-income. These coefficients are also shown in 

Table 4, Table 5, and Table 6 respectively. 

The number of students who scored at or above the 90th percentile for BAS before 

and after the coefficients were included and are presented in Table 9 differentiated by 

race and low-income. The total number of students above the threshold after the 

coefficient was applied increased. The largest change was for students identified as low-

income with 17 additional students above the threshold. Students identified as Black had 

the largest increase within the race categories with 10 additional students above the 

threshold. There were also five more Asian and Two or more races students at or above 

the 90th percentile after the coefficient was applied. The number of White and Hispanic 

students above the threshold remained the same after the coefficient was applied. There 

are disproportionate numbers of students before and after the application of coefficients 

by race compared to the total population. When calculating the difference in what would 

be proportionate representation for students of color, Black students are closer to being 

proportionately represented while Hispanic students are not.
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Table 9 

Number of students of second grade cohort at or above the 90th percentile on BAS 

Race 
and FRL 

Total 
Students 

in 
Cohort 

Percent 
of Total 
Students 

in 
Cohort 

Student 
n 

Before 
Treatm
ent (A) 

Percent 
Student n 

Before 
Treatmen

t (B) 

Student 
n After 
Treatm
ent (C) 

Percent 
Student n 

After 
Treatmen

t (D) 

Difference 
Before 

and After 
Treatment 

(C-A) 

Proport
ionate n 

of 
Student
s for A 

(E) 

Disprop
ortionali

ty of 
Student 
n Before 
Treatme
nt (A-E) 

Proport
ionate n 

of 
Student
s for C 

(G) 

Disprop
ortionali

ty of 
Student 
n After 
Treatme
nt H (C-

G) 
Asian 264 23% 31 31% 36 31% 5 22 9 26 10 

Black 167 14% 5 5% 15 13% 10 14 -9 17 -2 

Hispanic 270 23% 7 7% 7 6% 0 23 -16 27 -20 

White 295 25% 41 41% 41 35% 0 25 16 29 12 

Two or 
More 
Races 

151 13% 14 14% 16 14% 2 13 1 15 1 

Other 
Races 

17 1% 1 1% 1 1% 0 1 0 2 -1 

FRL 578 41% 17 21% 34 31% 17 33 -16 45 -11 
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Note. Column A represents the number of students at or above 90th percentile before 

treatment. Column B represents the percent of students at or above 90th percentile before 

treatment. Column C represents the number of students at or above 90th percentile after 

treatment. Column D represents the percent of students at or above 90th percentile after 

treatment. Column E represents the total number of students at or above 90th percentile 

before treatment when proportionate to cohort. Column F represents the difference of 

number of students at or above 90th percentile before treatment to proportionate number. 

Column G represents the total number of students at or above 90th percentile after 

treatment when proportionate to cohort. Column H represents the difference of number of 

students at or above 90th percentile after treatment to proportionate number. 

A Pearson’s chi-square test was used to determine if the race and low-income 

distribution of students in the entire 2019 second grade cohort was the same in terms of 

the distribution of students at or above the 90th percentile by race and income. A 

comparison of total cohort population by race and income with those at or above the 90th 

percentile can help determine if the student scores with and without the coefficient 

treatment are similar. A p-value of < 0.05 meant that the difference in the ranking of 

students in relation to their race or socioeconomic status was statistically significant. A p-

value > 0.05 meant that the distribution was proportional to the overall population. 

The results of the chi-square test for the BAS assessment are presented in Table 

10, including the degrees of freedom and p-values. The distribution of students by race 

and socioeconomic status who scored above the threshold without the application of the 

coefficient was compared to the distribution of the total number of students who took the 

test and the p-values were < 0.05. The comparison of students above the threshold with 
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and without the coefficient also returned p-values < 0.05 for race and low-income. Lastly, 

the number of students who scored above the threshold was compared to the total number 

of students by race and socioeconomic status when the coefficients were applied; p-

values were also < 0.05. This means the distribution of the students by race and income at 

or above the 90th percentile for their BAS scores was not representative of the population 

as a whole, with or without the addition of the coefficients. The distribution of students 

above the threshold was also not representative of the total population after the 

coefficient was applied because the p-values were < 0.05. The null hypothesis is rejected 

because the proportion of students are not similarly distributed by race or low-income for 

the BAS test when ranked either with or without the coefficient added for groups that had 

significant mean differences. 

Table 10 

Chi-square test of BAS  

 χ2s Df P 

Comparing 90th percentile and population without coefficient 

Race 28.60 5 < .001 

Income 38.64 1 < .001 

Comparing 90th percentile groups only with and without coefficient  

Race 448.88 5 < .001 

Income 449.44 1 < .001 

Comparing 90th percentile and population with coefficient  

Race 27.74 5 < .001 

Income 22.62 1 < .001 
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Table 11 represents the results for NNAT3 before and after the coefficient was 

applied to student scale scores. The NNAT3 had the largest increase in the number of 

low-income students that met the threshold of at or above the 90th percentile with an 

increase of 43 students. The largest increase by race was for Hispanics with an increase 

of 20 students above the threshold, followed closely by Black students with an increase 

of 18. Students identified as Two or more races above the threshold increased by 8. Both 

the number of Asian and White students above the threshold decreased after the 

coefficient treatment was applied by 14 and 11 students, respectively. There are 

disproportionate numbers of students before and after the application of coefficients by 

race compared to the total population. When calculating the difference in what would be 

proportionate representation for students of color, Black and Hispanic students are 

slightly overrepresented. White and Asian students are slightly underrepresented.
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Table 11 

Number of students of second grade cohort in 90th percentile on NNAT3 

Race 
and FRL 

Total 
Students 

in 
Cohort 

Percent 
of Total 
Students 

in 
Cohort 

Student 
n 

Before 
Treatm
ent (A) 

Percent 
Student n 

Before 
Treatmen

t (B) 

Student 
n After 
Treatm
ent (C) 

Percent 
Student n 

After 
Treatmen

t (D) 

Difference 
Before 

and After 
Treatment 

(C-A) 

Proporti
onate n 

of 
Students 

for A 
(E) 

Disprop
ortionali

ty of 
Student 
n Before 
Treatme
nt (A-E) 

Proport
ionate n 

of 
Student
s for C 

(G) 

Disprop
ortional
ity of 

Student 
n After 
Treatm
ent H 
(C-G) 

Asian 261 23% 34 36% 20 17% -14 21 13 26 -6 

Black 165 14% 2 2% 20 17% 18 14 -12 17 3 

Hispanic 270 24% 14 15% 34 29% 20 22 -8 27 7 

White 294 26% 35 37% 24 21% -11 24 11 30 -6 

Two or 
More 
Races 

141 12% 8 9% 16 14% 8 12 -4 14 2 

Other 
Races 

16 1% 1 1% 2 2% 1 1 0 2 0 

FRL 568 40% 17 21% 60 44% 43 33 -16 55 5 
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Note. Column A represents the number of students at or above 90th percentile before 

treatment. Column B represents the percent of students at or above 90th percentile before 

treatment. Column C represents the number of students at or above 90th percentile after 

treatment. Column D represents the percent of students at or above 90th percentile after 

treatment. Column E represents the total number of students at or above 90th percentile 

before treatment when proportionate to cohort. Column F represents the difference of 

number of students at or above 90th percentile before treatment to proportionate number. 

Column G represents the total number of students at or above 90th percentile after 

treatment when proportionate to cohort. Column H represents the difference of number of 

students at or above 90th percentile after treatment to proportionate number. 

The results of the chi-square test for the NNAT3, with degrees of freedom and p-

values, are presented in Table 12. Students who scored above the threshold without the 

application of the coefficient treatment were compared by race and socioeconomic status 

to the total number of students who took the test; p-values were < 0.05. The comparison 

of students above the threshold with and without the coefficient treatment applied also 

returned p-values < 0.05 by race and low-income. Lastly, the students who scored at or 

above the 90th percentile were compared to the total number of students by race and 

socioeconomic status with the application of the coefficient; p-values were also < 0.05. 

Ultimately, the null hypothesis was rejected because the proportion of students at or 

above the 90th percentile is not similarly distributed by race and income for the NNAT3 

test to the population as a whole when ranked either with or without the coefficient 

applied. 



  

 81 

Table 12 

Chi-square test of NNAT3  

 χ2s df P 

Comparing 90th percentile and population without coefficient  

Race 26.20 5 < .001 

Income 33.60 1 < .001 

Comparing 90th percentile only with and without coefficient  

Race 524.00 5 < .001 

Income 510.76 1 < .001 

Comparing 90th percentile and population with coefficient  

Race 11.99 5 .035 

Income 4.80 1 .028 

As presented in Table 13, the STAR Math results for students in the 90th 

percentile before and after the coefficient were applied by race and low-income. The 

largest increase in the number of students that met the threshold of at or above the 90th 

percentile was for low-income students with an increase of 29 students. Based on race, 

Hispanic students had the largest increase with 15 additional students, followed by Black 

students with an increase of 11. After the application of the coefficient treatment for 

STAR Math, the number of White and Asian students who met the threshold decreased 

by 14 and 13 students, respectively. Students from the Two or more races category had 

the smallest change with one additional student at or above the 90th percentile. There are 

disproportionate numbers of students before and after the application of coefficients by 

race compared to the total population. When calculating the difference in what would be 
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proportionate representation for students, Black and Asian students are slightly 

overrepresented. White and Hispanic students are slightly underrepresented. 
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Table 13 

Number of students of second grade cohort in 90th percentile on STAR Math 

Race 
and FRL 

Total 
Students 

in 
Cohort 

Percent 
of Total 
Students 

in 
Cohort 

Student 
n 

Before 
Treatm
ent (A) 

Percent 
Student n 

Before 
Treatmen

t (B) 

Student 
n After 
Treatm
ent (C) 

Percent 
Student n 

After 
Treatmen

t (D) 

Difference 
Before 

and After 
Treatment 

(C-A) 

Proport
ionate n 

of 
Student
s for A 

(E) 

Dispropo
rtionality 

of 
Student n 

Before 
Treatmen
t (A-E) 

Proport
ionate n 

of 
Student
s for C 

(G) 

Disprop
ortional
ity of 

Student 
n After 
Treatm
ent H 
(C-G) 

Asian 255 23% 43 40% 30 28% -13 25 18 25 5 

Black 151 14% 6 6% 17 16% 11 15 -9 15 2 

Hispanic 258 24% 9 8% 24 22% 15 25 -16 25 -1 

White 279 25% 37 35% 23 21% -14 27 10 27 -4 

Two or 
More 
Races 

137 12% 12 11% 13 12% 1 13 -1 13 0 

Other 
Races 

17 2% 0 0% 0 0% 0 2 -2 2 -2 

FRL 527 38% 21 25% 50 39% 29 33 -12 49 1 
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Note. Column A represents the number of students at or above 90th percentile before 

treatment. Column B represents the percent of students at or above 90th percentile before 

treatment. Column C represents the number of students at or above 90th percentile after 

treatment. Column D represents the percent of students at or above 90th percentile after 

treatment. Column E represents the total number of students at or above 90th percentile 

before treatment when proportionate to cohort. Column F represents the difference of 

number of students at or above 90th percentile before treatment to proportionate number. 

Column G represents the total number of students at or above 90th percentile after 

treatment when proportionate to cohort. Column H represents the difference of number of 

students at or above 90th percentile after treatment to proportionate number. 

The results of the chi-square test for the STAR Math test are presented in Table 

14 with degrees of freedom and p-values. When the demographic breakdown of students 

who scored at or above the 90th percentile without the application of the coefficient 

treatment was compared to the total number of students who took the test by race and 

socioeconomic status, p-values were < 0.05. A comparison of students above the 

threshold with and without the coefficient also returned p-values < 0.05. The distribution 

of students at or above the 90th percentile with the coefficient treatment applied compared 

to the total population returned a p-value of .851 for race and .651 for low-income. Both 

these p-values were > 0.05. This meant the distribution of the students when the 

coefficient treatment was applied for STAR Math was representative of the distribution 

for the overall population. The null hypothesis cannot be rejected meaning the proportion 

of the students are similarly distributed for the STAR Math test when ranked with the 

coefficient treatment applied. However, the distribution of students by race and income 
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are different when the coefficient is not applied for students above the threshold 

compared to the entire population and for students at or above the 90th percentile before 

and after the coefficient was applied. 

Table 14 

Chi-square test of STAR Math  

 χ2s df p 

Comparing 90th percentile and population without coefficient  

Race 29.48 5 < .001 

Income 32.52 1 < .001 

Comparing 90th percentile only with and without coefficient  

Race 497.57 5 < .001 

Income 495.06 1 < .001 

Comparing 90th percentile and population with coefficient 

Race 1.99 5 .851 

Income .20 1 .651 

Summary 

The purpose of this quantitative casual-comparative study was to measure the 

between-group mean differences of assessment data for low-income students and students 

of color. SEM was used to measure the between-group mean differences for low-income 

students and students of color on three assessments: BAS, NNAT3, and STAR Math. 

Significant mean differences were identified on all three assessments for low-income 

students and students of color. SEM was unable to achieve goodness of fit for a path 

analysis model to measure the covariance between and amongst variables, so the 
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researcher was unable to test the hypothesis for research question two. The statistically 

significant coefficients obtained from SEM in research question one was used to 

determine if their addition could impact the demographic distribution of students at or 

above the 90th percentile for all three tests. From the results of the chi-square tests the 

null hypothesis is rejected for BAS and the NNAT3. The students are not similarly 

distributed before and after the coefficients are applied to the scale scores of student 

groups with significant mean differences for these two tests. However, from the results of 

the chi-square test for STAR Math the null hypothesis cannot be rejected in one of the 

three tests; the distribution of the demographic make-up of students at or above the 90th 

percentile was similar to the distribution of the entire population after the coefficients 

were applied to the scale scores of student groups with significant mean differences. 
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CHAPTER 5: CONCLUSIONS AND DISCUSSION 

Historically underrepresented subgroups of students are not identified for 

accelerated program participation in the same proportions as their peers. As a result, low-

income students and students of color do not have the same access to accelerated 

programs in K-12 education. The exclusion of these students can lead to social inequities 

and have economic impacts beyond K-12 education (Cao et al., 2017). School districts 

who serve students in K-12 education often identify students for participation in 

accelerated programs through universal screeners, the use of multiple measures, and the 

scores from seemingly objective assessments. The use of these methods can have 

negative impacts due to bias, both implicit and explicit, and continue the disproportionate 

identification of low-income students and students of color compared to their peers. 

The purpose of this quantitative casual-comparative study was to measure the 

between-group mean differences of assessment data for low-income students and students 

of color that may contribute to the disproportionate identification of second grade 

students for accelerated programs in a K-12 school district in Washington state. Using 

assessment tools and practices already in place in a school district, between-group mean 

differences could be identified and evaluated for bias. The use of SEM for data analysis 

provided an opportunity to examine the between-group differences and relationships 

between and within dependent and independent variables. The results of the analysis and 

actions can be utilized by leaders as they attempt to address the latent bias discussed in 

this chapter. 

First, a discussion and application of the results along with conclusions to the 

problem statement are shared. Next, application of the results from this study and 
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recommendations for action are discussed. The chapter concludes with recommendations 

for further research and a concluding statement. 

Discussion of Results and Conclusions 

The results of this study included between-group mean differences for student 

assessment scores on three academic and cognitive tests used by the school district for 

accelerated program identification. The self-identified racial category recorded by the 

school district, and low-income status as identified by free and reduced lunch, were used 

as the independent variables to compare between-group differences. The following 

research questions and hypotheses were used to analyze between-group differences of 

assessment results used for accelerated program identification. 

1. What is the difference in assessment results for low-income students and 

students of color compared to their peers at a given grade level? 

H0 – There is no significant mean difference in assessment results for low-income 

students and students of color compared to their peers at a single grade level. 

H1 – There is a significant mean difference in assessment results for low-income 

students compared to their non-low-income peers at a single grade level. 

H2 – There is a significant mean difference in assessment results for students of 

color compared to their peers at a single grade level. 

2. What is the significance of between-group differences when compounding 

dependent variables measured within and between independent variables?  

H0 – There is no significant mean difference in the relationships between 

dependent variables and independent variables when compounded. 
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H1 – There is a significant mean difference in the relationships between dependent 

and independent variables when compounded. 

3. Can assessment results used to identify students for accelerated programs be 

adjusted based on between-group differences to affect the identification of 

low-income students and students of color for accelerated programs? 

H0 – Adjustments based on between-group significant mean differences do not 

increase the identification of low-income students and students of color. 

H1 – Adjustments based on between-group significant mean differences increase 

the identification of low-income students for accelerated programs. 

H2 – Adjustments based on between-group significant mean differences increase 

the identification of students of color for accelerated programs. 

The analysis found statistically significant between-group mean differences for 

assessment results by race and low-income status in answering research questions one 

and three. Latent bias in the assessments used by the district can impact the number and 

proportion of students identified for accelerated programs. The data in the study were 

insufficient to create a path model to use in SEM to answer research question two. The 

student demographic data available from the district could not create a valid path analysis 

model to fully test the hypothesis of between-group differences for dependent and 

independent variables for research question two. 

Research Question 1 Conclusions 

To understand the differences in assessment results for low-income students and 

students of color compared to their peers, SEM was used to perform a regression for 

between-group differences for each race category and low-income. The regression 
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provided a coefficient and p-value for each group of students. The p-value was used to 

determine the significance of between-group mean scores with p < 0.05 considered 

significant. All three assessments provided evidence of statistically significant differences 

for students of color and low-income students. 

BAS results 

For the BAS assessment, the null hypothesis was rejected for both low-income 

students and students of color. All mean score differences were significant at p < 0.05. 

There were significant between-group differences for students by income and race when 

teachers administered the BAS. Some latent bias in the assessment or its administration 

resulted in lower average scale scores for low-income students and students of color for 

this assessment which is used for accelerated program identification in the K-12 school 

district. 

NNAT3 results 

The NNAT3 assesses student cognitive levels, and the null hypothesis was 

rejected for both low-income students and students of color. When compared to students 

not in the same category, mean score differences for students identified as low-income, 

Black, Hispanic, and Two or more races all returned p-values < 0.05; their NNAT3 

scores were significantly lower than other groups. The mean differences for the scores of 

students identified as Asian and White were shown not to be significant. A latent bias in 

the NNAT3 may impact student identification for accelerated programs for low-income 

students and students of color. 

STAR Math results 
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Th STAR Math results were the basis of rejecting the null hypothesis for both 

low-income students and students of color. P-values were < 0.05 for low-income, Black, 

Hispanic, and Two or more races. The between-group mean score differences were 

significant, and the coefficients were all negative. The mean score differences of Asian 

and White students were not considered significant. As with the other assessments used 

by the K-12 district, latent bias in STAR Math scores can impact the proportion of 

historically underrepresented students when used for accelerated program identification. 

Research Question 2 Conclusions 

To answer research question two, a path analysis model was created to better 

understand the size and relationship of between-group differences for the dependent and 

independent variables. Through the use of SEM, a path analysis can help in 

understanding how dependent and independent variables interact with one another. The 

goal of research question two was to understand if there were significant between-group 

differences between and amongst variables and what the differences were when variables 

were combined. 

A valid path analysis model could not be achieved to effectively measure and 

evaluate the hypothesis for research question two. The values returned by the chi-square 

goodness of fit test conducted by SEM returned a value that was too high for the model to 

be considered. A review of RMSEA and CFI scores also returned values that confirmed 

the model did not meet the goodness of fit criteria. The inability to achieve goodness of 

fit may be due to a limited number of variables in the model which caused errors to occur 

in the calculations. While there were five race categories within the race variable 

measured in the model, there were only two total independent variables, which limited 
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the possibility of removing or modifying variable relationships to achieve goodness of fit. 

There were no other data related to students’ race or socioeconomic status available from 

the district to add to the model. 

Without goodness of fit, the hypothesis was unable to be tested. Between-group 

differences were not evaluated when measuring the relationships between and within 

variables individually and in combination. This does not mean that significant differences 

did not exist, rather that more variables were needed to create a valid path analysis model 

for the relationship between race, socioeconomic status and the assessment results. 

Research Question 3 Conclusions 

The statistically significant scale score coefficients obtained in research question 

one was used to answer research question three, which focused on the application of the 

coefficients to individual student scores for each assessment. Research question three 

attempted to identify differences in the rank ordering of students after scale score 

adjustments were made using the significant coefficient values for low-income students 

and students of color in each assessment. A comparison of the demographic breakdown 

by race and low-income status of students scoring at or above a threshold of the 90th 

percentile of their cohort was conducted for each test to see the direct impacts of the 

coefficient treatment. A second step was then completed using a chi-square test of 

homogeneity to measure whether any differences in the demographic make-up for those 

at or above the 90th percentile were significant when compared to the second-grade 

cohort as a whole, before and after assessment scale scores were adjusted. The chi-square 

test was also used to measure the distribution of race and low-income students above the 

threshold for each assessment with and without the coefficient.  
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BAS results 

The application of the scale score coefficient for the BAS reading test increased 

the number and proportion of low-income and students of color. It doubled the number of 

low-income students at or above the 90th percentile, from 17 to 34. The chi-square test 

showed that the demographic distribution of students above the threshold did not match 

the overall student population with or without the coefficient adjustments. Adjusting low-

income student’s scores showed positive increases in the number of low-income students 

at or above the 90th percentile. 

The outcomes of the BAS coefficient treatment for students by race also had 

positive increases for non-White and non-Asian students. Ten more Black students scored 

above the threshold, and the Two or more races group increased by two students. Using 

statistically significant scale score differences to adjust student’s scores by race increased 

the number of students of color at or above the 90th percentile and did not reduce the 

number of students in other race categories.  

NNAT3 results 

The NNAT3 test also evidenced changes in the demographic data by income 

when the coefficient was applied to students’ scale scores. The number of students 

eligible for free and reduced lunch scoring at or above the 90th percentile increased by 43 

students. The chi-square test that compared the income breakdown of the top scoring 

students to the total cohort population after the coefficient was added returned a p-value 

of .028, which is still statistically significant at < 0.05 but not as low as p value found for 

the difference before the coefficient was added.  
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Changes in the number and proportion of students by race for the NNAT3 test 

also occurred when the coefficient was added. The number of Black students above the 

threshold increased by 18 students, and the number of Hispanic students increased by 20. 

The number and proportion of White and Asian students above the threshold dropped. 

After using the coefficient, there was an equal number of Asian and Black students in the 

top scoring group and there were more Hispanic students than Asian or White students. 

The inclusion of the coefficient increased the total number of non-White and non-Asian 

students and made a statistically significant difference in the distributions of students by 

racial demographics above the threshold as well as between students at or above the 90th 

percentile to the full cohort. 

STAR Math 

The application of the coefficient treatment to the STAR Math test produced a 

large increase in the number of low-income students at or above the 90th percentile. The 

number of low-income students more than doubled from 21 to 50. The chi-square test 

comparing the distribution of low-income students in the top scoring group to the total 

population after the coefficient was applied returned a p-value of .651 failing to reject the 

null hypothesis. The distribution of low-income students was similar for the second-grade 

students after the coefficient was added, but not before. 

Students of color also increased in the top scoring student group with the 

coefficient treatment application to the STAR Math test. With an increase of 15, the 

number of students above the threshold that identified as Hispanic more than doubled, 

and the number of students identified as Black increased by 11. The chi-square test after 

the coefficient was applied returned a p-value of .851 when comparing the racial make-up 
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of students at or above the 90th percentile and the overall cohort. Similar to the results of 

the distribution of low-income students for the STAR Math scores, the difference in the 

distribution of racial categories was statistically significant between students at or above 

the 90th percentile before and after the coefficients are applied, but the difference between 

the top scoring group and the total student population after the coefficients were applied 

was not statistically different. 

In all cases, using scale score coefficients to counteract latent bias in assessments 

used for accelerated program identification in the K-12 district reduced the 

disproportionality of students scoring at or above the 90th percentile by race and by low-

income status. In most cases this change increased the proportion of students of color and 

low-income students in the top scoring group than would have otherwise been ranked or 

distributed while also increasing the total number of students in the top scoring group. In 

most cases, the number of White and Asian students scoring in the top group fell but the 

distribution of races became more similar to the racial distribution of all students in the 

second-grade cohort by assessment scale scores. The treatment had a net positive effect 

on low-income students and students of color except for BAS. Before the application of 

the coefficient treatment, White and Asian students were overrepresented in all three tests 

while low-income, Black, and Hispanic students were underrepresented. This was no 

longer the case after the treatment. 

The results from this study show that there are significant mean between-group 

differences for low-income students and students of color for academic and cognitive 

assessments used for accelerated program identification. These differences could impact 

the identification of historically underrepresented students for accelerated programs. The 
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results for research question three demonstrate that an application of coefficients to 

individual test scores that have significant mean difference can increase the number of 

low-income students and students of color included in the top scoring groups, both 

academically and cognitively. The analysis of data has revealed that there is latent bias in 

assessments used for accelerated program identification that affect the proportion of low-

income students and students of color compared to the total population. Statistically 

validated adjustments can be made to reduce the disproportionality in assessment 

outcomes for historically underrepresented groups. However, there were not enough data 

found in the study to identify how differences in race and socioeconomic status interact to 

create these differences. 

Application of Results and Conclusions to the Problem Statement 

The goal of this study was to identify potential bias in measures commonly used 

in a K-12 school district, thus reducing the disproportionate identification of low-income 

students and students of color for accelerated programs. Hertzog (2017) suggested that 

the use of multiple measures can compensate for unintended bias in academic 

assessments but did not provide direct evidence supporting that claim. Cao et al. (2017) 

stated that multiple measures could be used, but no researchers have provided a potential 

method for using those measures in combination to reduce the disparities in 

identification. The results from this study suggest that there is bias in the assessments 

used by a K-12 school district, and that the application of a statistical treatment may 

decrease disproportionate identification of students for accelerated programs.  

The finding of significant between-group differences for the three assessments 

used in the district demonstrates that there is latent bias in the measures used for 
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accelerated program identification. This means that a K-12 school district should review 

the assessments they use for accelerated program identification; the district can then 

counteract the bias by identifying statistically significant between group differences and 

adjusting how they calculate student scores for identification accordingly. Results from 

this study showed that when the significant mean scale score difference coefficients were 

used to interrupt the unintended bias, more low-income students and students of color 

achieved scores at or above the 90th percentile in all three assessments, one cognitive and 

two academic. Students in the top scoring groups, such as those at or above the 90th 

percentile, are often considered for accelerated program participation because their 

academic and cognitive scores stand out above their peers. 

Scoring in the 90th percentile does not mean students will be identified to 

participate in accelerated programs, but these students can be considered for participation 

because they may benefit from the program or services available. The inclusion of more 

low-income students and students of color could improve their social standing, as 

suggested by the cultural mobility theory (DiMaggio, 1982). The improvement of social 

standing through inclusion in gifted academic programs could increase a student’s 

cultural capital in the future, as suggested by Jæger (2011). School districts’ policies and 

practices in the use of assessment data can disrupt disproportionate identification of 

accelerated programs and may improve cultural capital for low-income students and 

students of color if they are identified for participation in accelerated programs. 

While significant between-group differences were not found for all groups on all 

tests used by the district, when statistically significant coefficients were applied, there 

was an increase in the number of low-income students and students of color at or above 
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the 90th percentile of the second grade cohort. This increase in underrepresented students 

at the top of the ranking suggests that there are statistically valid ways to rectify the 

disproportionate numbers of students in accelerated programs.  

The information obtained from this study contributes to prior research on 

universal screening for accelerated program identification and the use of multiple 

measures. Hodges et al. (2018) found that universal screening alone did not identify more 

low-income students or students of color. Through universal screening, a school district 

could use multiple measures as Herzog (2017) recommended. The assessments analyzed 

for this study were conducted as part of the K-12 school districts’ universal screening 

process. The district used multiple measures for accelerated program identification. All 

students in grade two in the district used in this study were administered all three 

assessments as part of the accelerated program identification process, one cognitive and 

two academic. Other districts that use multiple measures in a universal screening process 

could analyze the results to identify any between-group differences for each assessment. 

A statistical treatment could be applied to the assessment scores that had significant mean 

group score differences. The addition of significant coefficients may identify more low-

income students and students of color for consideration in accelerated program 

participation reducing disproportionate identification of students by race and 

socioeconomic status. 

Application to Leadership  

Leaders can use the information and results from this research study to create or 

improve school district policies and practices. Michelmore and Dynarski (2017) posited 

that school district policies and practices can contribute to the continuation of school and 



  

 99 

social inequities. To positively impact these inequities, there are three actions that school 

leaders can take: review accelerated program identification policy with a goal of reducing 

disparities between racial and socioeconomic groups, change accelerated program 

identification practices to counteract biased evaluation of student ability, and 

continuously monitor outcomes for low-income students and students of color in 

accelerated programs. 

Policy at both the state and local levels can change to positively impact 

accelerated program identification practices. State and district leaders can limit 

unintended bias through the adoption of policies that explicitly require implementing 

methods such as the use of multiple measures and universal screening for identification. 

Leaders can analyze their methods and measures to identify potential sources of bias and 

take steps to mitigate all identified biases. The information from this study suggests that a 

statistical method can be used to identify between-group differences in commonly used 

assessments, and the identified differences can be used to adjust how students are ranked 

from high to low based on assessment scores in identification processes. 

One practice that can be implemented is to continuously monitor the demographic 

distribution of students participating in accelerated programs. This practice can inform 

leaders about who is being identified for accelerated programs and help in decision 

making as to when a review of identification steps is warranted. Once students are 

identified for accelerated programs, leaders can continuously monitor outcomes for 

students participating in the programs. This information can be beneficial in 

understanding who is benefiting from services. Data from student performance in 

accelerated programs may be monitored to determine who benefits the most from 
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services by reviewing pre and post data outcomes from local and state assessments. 

Information about student pathways beyond high school can also be monitored to 

determine if the cultural capital of historically underserved groups is improving. The 

increased identification of low-income students and students of color in accelerated 

programs may be beneficial in increasing cultural mobility, but continued monitoring can 

help inform how to improve upon the services provided or identification methods used in 

the future once students are identified. 

Recommendations for Action 

There are actions that K-12 school districts can take based on the results from this 

research study. School district leaders may want to understand any unintended bias that 

potentially impact the results of the measures used in accelerated program identification. 

Based on that knowledge, adjustments can be made to mitigate the bias so that low-

income students and students of color are equitably considered for accelerated program 

identification and participation. 

School districts can implement universal screening to ensure all students are 

considered for accelerated program participation. Identification processes that screen a 

group of students can utilize multiple measures to identify students who can benefit from 

accelerated program goals. Carroll’s three-stratum theory suggested that students can 

perform well on a single measure and no single measure can capture how students will 

perform in all measurable areas of interest (as cited by Beaujean, 2015). The K-12 school 

district’s data reviewed for this study identified three assessments that aligned to their 

accelerated program goals and measured multiple dimensions of student performance.  
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If a school district implements universal screening and identifies multiple 

measures to use for accelerated program identification, an analysis of the data to measure 

for bias can be conducted. That analysis could be completed using various statistical 

tools, not just through SEM. The use of a one-way ANOVA could identify the 

significance of bias in assessment. A linear regression could support the identification of 

statistically significant coefficients that may be applied to student scores similar to the 

way they were used in this study. The use of statistical significance could be applied to 

identify more low-income students and students of color that may represent a similar 

population distribution to the total population used during universal screening. 

Finally, school district leaders can continue to monitor student demographics and 

accelerated program participation. Continuous monitoring can support equitable 

identification practices and determine how students are performing once they are in the 

program. The information obtained from student performance after participation in 

accelerated programs can help inform district staff on the benefits of identifying not only 

high-performing students, but also those who can benefit from services while in the 

program. Continuous monitoring of identification demographic distributions, student 

growth while in the program, and the bias of the assessments used for identification could 

help district leaders in continued improvement in equitable identification practices for 

accelerated programs. 

Recommendations for Further Research 

Future research could be conducted that would extend the findings from this 

study. The path analysis model developed for research question two could be further 

developed to include more variables, and a more in-depth investigation of the relationship 
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of low-income status and race on test scores could be conducted. Future research could 

be undertaken in a district that has larger American Indian and Pacific Islander student 

populations. Other grade levels could be evaluated to determine if significant mean 

differences are present with older or younger students, or if latent bias increases or 

decreases at different grade levels. Additionally, other cognitive or academic assessments 

used for accelerated program identification could be analyzed in a similar manner. Based 

on the results of this study, these topics could benefit from future research. 

The path analysis graphic model created for this study in SEM was limited by the 

number of variables. Goodness of fit could not be obtained because of the limited 

variables and the inability to modify the model to fully analyze the covariance of 

variables. There are other variables that could be included for further analysis, such as 

English language learner status, gender, teacher experience, early learning opportunities, 

and teacher perceptions about accelerated programs. There are more data variables that 

could be considered including student grades, attendance, and other forms of assessment 

that can measure student performance. The inclusion of these variables may allow for 

model fit to be acceptable and the significance of between-group differences to be 

measured. 

Throughout K-12 education, there are assessments given to students that could 

limit a students’ ability to increase their cultural capital. The between-group differences 

were significant for low-income students and students of color in almost all the statistical 

tests in this study. Further research on assessment tools could be conducted to determine 

if there are significant between-group differences for other assessment tools and the 



  

 103 

impacts of these differences on disproportionate representation of historically 

underrepresented students.  

Concluding Statement 

A quantitative research model was able to identify the significance of between-

group differences in assessments used for accelerated program identification in a K-12 

school district. The results of this study demonstrate that a statistical analysis can be used 

to identify unintentional bias in assessments and the identified differences can be used to 

mitigate the bias. For many years, historically underrepresented subgroups of students 

have been identified at lower rates for accelerated programs compared to their peers. The 

implementation of statistical methods can address this problem, and the application of 

these methods may benefit low-income students and students of color beyond their K-12 

educational experience. 

Accessing accelerated programs can provide opportunities for low-income 

students and students of color to increase their cultural capital, as well as offering 

instruction and programs in which they can accelerate their learning and experience new 

learning opportunities. The implementation of universal screening and the use of multiple 

measures for program identification can ensure that all students are equitably evaluated 

for program participation. With the inclusion of a statistical method to limit the bias from 

the multiple measures, more low-income students and students of color may access and 

benefit from a K-12 school district’s accelerated program goals. 
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