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ABSTRACT 

Universal screening of social-emotional and behavioral (SEB) risk with teacher 

completed brief behavioral rating scales (BBRS) is one of the primary methods for 

identifying SEB risk in students. These measures should function similarly across races, 

ethnicities, and genders. However, there is limited research to support measurement 

invariance in universal screening for SEB risk. Therefore, the current study sought to 

expand upon the existing research on measurement invariance. The Emotional Behavior 

(EB) subscale of the Social, Academic, and Emotional Behavior Risk Screener-Teacher 

Rating Scale (SAEBRS-TRS) was examined. Measurement invariance was examined 

through differential item functioning (DIF) within item response theory (IRT). A 

unidimensional graded response model was fit to the data and indicated that effect sizes 

of DIF ranged from small to large for Black students compared to all non-Black students 

(Cohen’s d = -0.11 to -0.87) and negligible to medium for White students compared to all 

non-White students (Cohen’s d = -0.01 to 0.54). Effect sizes for Hispanic students and 

students with multiple races and ethnicities were small to negligible. Positively worded 

items and males had larger DIF effect sizes. Next, the Item Response Questionnaire 

(IRQ) was developed from information processes theory to compare the process teachers 

go through when completing questions on the EB subscale with the median absolute 

effect sizes. A micro-macro multilevel model was fit to the data and indicated that the 

IRQ was not a significant predictor of effect sizes. However, teachers’ rank ordering of 

subjectivity of the EB subscale items were significantly negatively correlated with effect 

sizes. Limitations of the current study, implications for practice, and directions for future 

research are discussed.   
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CHAPTER I: INTRODUCTION 

Background 

 Thirteen to 20% of all children live with a mental disorder at any given time, with 

prevalence rates expected to increase (Bor, Dean, Najman, & Hayatbakhsh, 2014; Perou 

et al., 2013). The highest rates of mental disorders include social-emotional (e.g., mood 

and anxiety disorders) and behavioral disorders (e.g., ADHD, oppositional defiant 

disorder, and conduct disorder; Perou et al., 2013). Social-emotional and behavioral 

(SEB) problems are associated with increased school difficulties including reduced 

academic achievement, and poor social and emotional functioning (Hinshaw, 1992; King, 

Lembke, & Reinke, 2015). Early identification and intervention offer potential solutions 

to help improve outcomes for children, as untreated problems may become resistant to 

change over time (Kratochwill, 2007). One way to identify these children early is through 

universal screening.  

Universal screening for SEB problems is supported by current federal legislation. 

The Every Student Succeeds Act (ESSA; 2015) expands the availability of 

comprehensive services that are provided to students, which includes early identification. 

In addition, the reauthorization of the Individuals with Disability Education Act (IDEA, 

2004) mandates that schools engage in early identification strategies through child find 

requirements that seek to identify children who may demonstrate evidence of barriers to 

learning.  

Schools have used proactive and reactive methods to identify individuals with 

SEB risk (Dowdy, Doane, Eklund, & Dever, 2011; McIntosh, Campbell, Carter, & 

Zumbo, 2009). Reactive methods of SEB risk identification could include using existing 
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student information to examine rates of SEB risk (e.g., office discipline referrals [ODRs], 

suspensions, expulsions, referrals for special education). Research has consistently noted 

that minority students are disproportionately represented in some reactive screening 

methods such as disciplinary referrals and referrals for special education services 

(American Psychological Association Zero Tolerance Task Force, 2008; National 

Research Council, 2002).  

In contrast, schools can use proactive methods of identifying SEB risk (e.g., brief 

behavioral rating scales [BBRS] and systematic teacher nominations; Severson, Walker, 

Hope-Doolittle, Kratochwill, & Gresham, 2007). Proactive methods attempt to objectify 

the identification process by recognizing early risk factors associated with poor SEB 

functioning (Dowdy, Ritchey, & Kamphaus, 2010). Objective measures of behavioral 

functioning have been suggested as a means to reduce the disproportionate identification 

of at-risk students, across culturally and linguistically diverse student populations 

(Raines, Dever, Kamphaus, & Roach, 2012). However, BBRS of SEB functioning 

maintain some level of subjectivity as individuals are required to interpret each question 

by making a judgment about the behavior in question and its frequency, intensity, and 

topography.  

Statement of the Problem 

 The subjectivity in BBRS can be particularly difficult in the United States as it is 

one of the most culturally and linguistically diverse countries in the world (Banks, 2015). 

Significant between group differences may be found because of the moderating effects of 

diversity (Cook, Volpe, & Livanis, 2010). A moderator in research is a variable that 

changes the direction and/or strength of the relationship between the independent variable 
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and dependent variable (Baron & Kenny, 1986). For example, race/ethnicity, biological 

sex, age, grade, and latent trait level can moderate outcomes in screening research. On 

rating scales, the effects of moderation can be categorized into two types: (1) item 

impact, actual differences that occur as a function of the moderating variable; and (2) 

item bias, differences due to an underlying characteristic of the question or measure that 

occurs as a function of the moderating variable (Zumbo, 2007). Due to the heterogeneity 

of schools in the United States, it would be problematic to assume that BBRS that are 

used in universal screening function without moderating effects. Researchers have begun 

to examine moderating effects in BBRS used for universal screening of SEB risk 

(Dowdy, Dever, DiStefano, & Chin, 2011; Lambert, January, Cress, Epstein, & Cullinan, 

2018; Schatschneider, Lane, Oakes, & Kalberg, 2014); however, additional research is 

needed to determine the effects of race/ethnicity and the interaction of race/ethnicity and 

biological sex on SEB risk identification through the use of BBRS. Findings from this 

study investigation will provide implications for BBRS that are used as universal 

screening tools for SEB problems. The results could also inform future SEB rating scale 

development that are used as universal screening tools. 

Purpose of the Current Study 

Research is needed to evaluate the moderating effects of diversity on SEB risk 

identification with BBRS that are used for universal screening (Cook et al., 2010). 

Current research on reactive methods for risk identification including disciplinary 

practices and teacher referrals for special education indicate that students from minority 

backgrounds are disproportionately identified. Many explanations have been provided 

regarding disproportionality, including subjective interpretations of behaviors and 
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application of those interpretations on BBRS (Tourangeau & Rasinski, 1988; Townsend, 

2000). It is important to consider how raters process items and provide responses on 

rating scales when evaluating if students from different groups are being treated equally 

as part of a universal screening process for SEB risk. Therefore, the purpose of the 

current study was to examine a BBRS that is used as a universal screener for SEB risk to:  

1. Describe the frequencies of SEB risk by race/ethnicity and the interaction of 

biological sex and race/ethnicity 

2. Evaluate if individuals are being treated similarly regardless of group 

membership (i.e., biological sex and race/ethnicity) by identifying items that 

display differential item functioning (DIF) on a teacher completed version of a 

BBRS of SEB functioning used for universal screening purposes  

3. Identify trends in items that display DIF by group membership  

4. Predict which items will display DIF on a SEB BBRS rating scale used for 

universal screening purposes by examining the subjectivity within each item. 

Definitions of Key Terms 

Universal Screening: Evaluation of all individuals within a given population (e.g., 

schools) for the purpose of identifying individuals at-risk and health of the system 

(Dowdy et al., 2015). 

Social-emotional and behavior (SEB): SEB skills are a broad group of externalizing, 

internalizing, and adaptive competences that facilitate resilience and adaptation in the 

presence of stressors (Kamphaus, 2012) 
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Emotional behavior (EB): EB is one of the subscales of the SAEBRS-TRS refers to the 

ability to regulate emotion, adapt to changes, and respond to stressful events (Kilgus, 

Sims, von der Embse, & Taylor, 2015).  

Information processing theory (IPT): IPT is a model that describes the process that 

individuals go through when completing rating scales based off attitudes (Tourangeau 

and Rasinski,1988). 

Differential item functioning (DIF). DIF is a form of measurement invariance to 

identify if a measure if functioning equally across subgroups of individuals (Zumbo, 

2007).  

Assumptions 

There are several assumptions in the current study. First, teachers completed 

rating of their students with the SAEBRS-TRS. These data were collected previous to the 

start of the current study. It was assumed that teachers rated their students to the best of 

their ability, and the data were collected and recorded accurately. Second, the current 

study used item response theory (IRT), which has different assumptions that those used in 

classical test theory (Reise et al., 2005). The assumption of invariance in IRT states that 

item properties (e.g., discrimination and threshold parameters) are not dependent on the 

particular characteristics of the calibration sample. The items were calibrated from a large 

representative sample of students, and it was assumed that the item properties would hold 

with similar samples. Therefore, an independent sample of teachers were recruited for 

study two from schools that were already using the SAEBRS as part of their school-based 

practice.  
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Delimitation  

 First, the teachers in study two were recruited through a single school district, and 

may not match the response of a more diverse sample. Second, the current study was 

limited to the Emotional Behavior (EB) subscale of SAEBRS. This limits the 

generalization of findings to other areas of SEB functioning. In addition, the SAEBRS 

was developed with a bifactor model, but the current study used a unidimensional model 

because only one subscale was examined. Multidimensional calibration of the items may 

change the effect sizes identified in this study.  
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CHAPTER II: LITERATURE REVIEW 

 In this chapter I review the literature surrounding the project’s purpose. First, I 

discuss universal screening for social-emotional and behavioral risk and methods used 

within universal screening. Next, I describe the disproportionality in different methods 

and possible explanations. Lastly, I describe research on measurement invariance with 

different universal screening measures.  

Prevention 

Assessment and individual differences have a long history in the field of 

psychology starting with the use of intelligence, personality, and other mental health 

assessments (Benjamin, 2014). Psychological assessments have focused on evaluating 

intraindividual and interindividual differences. Clinicians attempt to uncover the nature 

and extent of intra- and inter-individual differences during individual assessment by 

using evaluation tools including records, interviews, observations, and standardized tests 

(American Education Research Association [AERA], American Psychological 

Association [APA], & National Council on Measurement in Education [NCME], 2014).  

In schools, individuals are typically being evaluated to determine if they meet a 

specified level of impairment, and therefore requires special education and related 

services (Merrell, Ervin, & Peacock, 2012). However, this is a narrow view of the role of 

assessment in schools and does not include the variety of assessment methods that school 

psychologists use as part of data-based decision-making (e.g., progress monitoring, 

program evaluation, needs assessment, and screening; Benson et al., 2019). The data that 

are gathered are often used to identify problems, determine the cause(s) of the problems, 

inform interventions, and evaluate the progress and recommend changes to the 
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interventions across levels (e.g., student, classroom, and school) as part of a problem-

solving process (Tilly, 2002).  

Although the field of school psychology has broadened, practitioners have had 

difficulty transitioning from the role of gatekeeper (Merrell et al., 2012). Comprehensive 

evaluations are needed for certain individuals; however, using comprehensive one-on-one 

evaluations to prevent or mitigate future problems can be inefficient and costly (Chatterji, 

Caffray, Crowe, Freeman, & Jensen, 2004; Dowdy, Ritchey, & Kamphaus, 2010). In 

addition, the medical model of assessment may be one of many factors that has led to 

under-service of students across different groups (Carter et al., 2004; Walker et al., 2001).  

A prevention-oriented model may resolve or mitigate early difficulties that 

otherwise would lead to significant impairment in the future (Carter, Briggs-Gowan, & 

Ornstein, 2004; Coie et al., 1993). Epidemiology is a core component of a prevention-

oriented model because it describes the rate and distribution of diseases, and risk across a 

population (Herman, Riley-Tillman, & Reinke, 2012). A prevention-oriented model of 

surveillance is not new. For example, a prevention-oriented model of early identification 

and intervention through screening has been mandated as part of Medicaid since 1967 

(i.e., Early and Periodic Screening, Diagnostic and Treatment; U.S. Department of Health 

and Human Services, Centers for Medicare & Medicaid Services, 2015). Multiple public 

health approaches have been suggested as a means by which to identify early signs and 

symptoms of risk paired with the delivery of evidence-based interventions. More 

recently, these efforts have been adopted to identify SEB risk in schools (Bruhn, Woods-

Groves, & Huddle, 2014). In schools, universal screening is one part of a larger system of 

tiered assessment and intervention. 
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Prevention Frameworks 

Surveillance data assess a broad and/or narrow range of needs across all 

individuals to monitor the health of that population and to inform data-based decision 

making (Dowdy et al., 2015). Surveillance practices are a core component of prevention 

(Herman et al., 2012), and will be referred to as universal screening in this manuscript. 

Schools that use universal screening typically implement the practice within a multi-

tiered model of assessment and intervention. Universal screening fits well within a tiered 

model because it supports the use of evidence-based practices and maximizes resource 

allocation (Severson et al., 2007). Schools implement a variety of multitiered systems of 

supports (MTSS) such as response to intervention (RTI) and positive behavior 

interventions and supports (PBIS; Fuchs & Fuchs, 2006; Severson et al., 2007; Sugai & 

Horner, 2002). MTSS use three levels or tiers of assessment and intervention (Severson 

et al., 2007), and with each successive level, assessments and interventions become more 

intense, specific, and comprehensive (Fuchs & Fuchs, 2006; Lane et al., 2015; Sugai & 

Horner, 2002).  

At the first tier or universal level, all individuals are provided with evidence-

based practices (Mellard, Stern, & Woods, 2011). This may include such services as 

school-wide instruction of behavioral expectations, evidence-based teaching strategies, 

and character education (Lane et al., 2015). Universal screening is also used to determine 

the overall health of the system, and to identify individuals that are at-risk for 

problematic academic and/or social-emotional and behavior (SEB) outcomes (Dowdy et 

al., 2015). Approximately 75-80% of all individuals should have their needs met by the 

natural supports and services that are available to all students (Severson et al., 2007; 
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Sugai & Horner, 2007). The remaining 20-25% of individuals may be identified as at-risk 

and would require additional services at the second tier or targeted level (Fuchs & Fuchs, 

2006). Individuals requiring targeted intervention would be provided additional evidence-

based academic and/or SEB services such as small group interventions or other 

complementary services (Mellard et al., 2011).  

Approximately 1-10% of individuals that are not successful at the second tier of 

intervention would then require additional tier three or intensive assessment and 

intervention support (Burns, Appleton, & Stehouwer, 2005; Fuchs & Fuchs, 2006; 

Severson et al., 2007). These individuals typically display the most problematic academic 

and/or SEB problems that are the most resistant to evidence-based intervention (Sugai, 

Sprague, Horner, & Walker, 2000). As such, the role of universal screening within MTSS 

is used to determine the overall health of the system (e.g., school or district) and to act as 

an impetus to intervention by identifying those children at-risk for poor academic, social-

emotional, and behavioral outcomes. 

Research has demonstrated the positive effects of MTSS (Burns, Appleton, & 

Stehouwer, 2005; Gage, Whitford, & Katsiyannis, 2018; Solomon, Klein, Hintze, 

Cressey, & Peller, 2012). For example, a meta-analysis of RTI indicated that both large-

scale and researcher implemented RTI resulted in improved academic and systemic 

outcomes (e.g., referral and placement in special education, time in special education 

services, and the number of students retained; Burns et al., 2005). The researchers found 

unbiased estimates of effect were greater than 1.0 for both researcher and large-scale 

implemented. However, other another student found negligible to negative effects of RTI 

on academic outcomes (Balu et al., 2015). The researchers found one statistically 
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significant negative effect size in reading for first grade students. Students that were 

assigned to either tier 2 or tier 3 intervention had lower reading score outcomes than 

students that did not receive intervention (effect size of -0.17). A single case design and a 

group-based experimental meta-analyses have been conducted on the effectiveness of 

PBIS (Gage et al., 2018; Solomon et al., 2012). Both studies found nonsignificant 

reductions in office discipline referrals, but suspensions were reduced for students (g =    

-0.86; Gage et al., 2018). Universal screening can be used within a greater prevention 

model to provide targeted and indicated intervention.   

Universal Screening  

Universal screening is a proactive method of evaluating the health and condition 

of a system, rather than an individual, by assessing the functioning of all of the 

individuals within that system (Bowers, 1974; Fuchs & Fuchs, 2006; Mellard et al., 

2011). The focus of universal screening is to promote the health and wellbeing of a 

community by preventing or reducing the intensity, frequency, or duration of problems 

within that system (Centers for Disease Control Foundation, n.d.). Schools serve as one 

context where universal screening measures can be administered. Schools may be one of 

the best settings to conduct universal screening given the large number of children and 

youth that attend schools (Coei et al., 1993; Farmer et al., 2004). In fact, many schools 

are already engaged in some form of universal screening practice, including screening for 

hearing, vision, and academic achievement (e.g., Green et al., 2013, Kemper, Fant, 

Bruckman, & Clark, 2004; Lane et al., 2015; Snyder, de Brey, & Dillow, 2019). 

Within the broader MTSS framework, academic screening has far outpaced SEB 

screening. Mellard and colleagues (2009) surveyed 41 schools on their academic 
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screening practices and found that 90% of schools were using three or more academic 

universal screening tools. In contrast, a separate study found that one in eight schools 

conducted universal screening for SEB problems (Bruhn et al., 2014). Many schools have 

implemented universal prevention efforts for academic difficulties, but continue to rely 

on reactionary disciplinary practices for SEB problems (Lane et al., 2015). Although 

efforts to conduct universal screening for SEB problems have increased from 2% of 

schools in 2005 to 12.6% in 2014 (Bruhn et al., 2014; McIntosh & Romer, 2005), several 

factors have been associated with the slow adoption of universal screening for SEB 

disorders including, the high cost of measures, lack of tools and procedures for universal 

screening, lack of awareness of positive outcomes associated with screening, stigma 

associated with identifying SEB problems related to psychopathology in children, lack of 

service providers for identified individuals, and system-level problems (Arora et al., 

2016; Carter et al., 2004; Chatterji et al., 2004; DiStephano & Kamphaus, 2007; 

Harrison, Vannest, & Reynolds, 2013; Hartman et al., 2017).  

Universal screening for SEB risk has been used to improve school outcomes (e.g., 

Cook et al., 2015; McIntosh, Chard, Boland, & Horner, 2006) while meeting the needs of 

more students and meeting their needs with less cost to society (Chatterji et al., 2004). 

For example, Chatterji and colleagues (2004) found that the total cost of screening and 

treating students in schools was less than the cost to society over a three-year period, and 

ranged from 8% to 24% lower cost at school than society. In another study, McIntosh and 

colleagues (2006) found that universal screening for academics and behavior along with 

interventions had greater reading proficiency and less office discipline referrals than 

national norms. Similarly, research found that providing PBIS, universal social-emotional 
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learning, or a combined approach resulted in improved externalizing and internalizing 

problem behaviors compared to a business as usual group (Cook et al., 2015). For 

example, in the combined group, there was a large effect on decreasing externalizing and 

internalizing problem behaviors (i.e., externalizing Cohen’s d = 1.12 and internalizing 

Cohen’s d = 0.74).  

Researchers have continued to make significant strides in the area of SEB 

screening practices, which includes the development or update of brief behavioral rating 

BBRS used in universal screening for SEB problems (e.g., the Social, Academic, and 

Emotional Behavior Risk Screener [SAEBRS], Student Risk Screening Scale for 

Internalizing and Externalizing [SSRS-IE]; Behavioral and Emotional Screening System 

[BESS]). BBRS as well as other forms of universal screening (e.g., office discipline 

referrals [ODRs]) can be used to predict end of year outcomes (Eklund, Kilgus, von der 

Embse, Beardmore, & Tanner, 2017; McIntosh, Frank, & Spaulding, 2010). For example, 

the SAEBRS subscales and Total Behavior from the beginning of the school year were 

correlated with end of year reading scores ranging from .16 o .40. In another study, 

McIntosh and colleagues (2010) found that by October, students with two or more ODRs 

were 176 times more likely to have gang affiliations displayed (OR = 175.81).  

Methods of Identifying SEB Risk 

Several methods have been used to identify individuals with SEB concerns (e.g., 

records, interviews, surveys, direct assessment, and observations) as well as the various 

informants available to provide information about students (e.g., self-report, parents, and 

teachers; Carter et al., 2004). Currently, three methods have been used to identify 

individuals that are at-risk for or are currently displaying significant distress related to 
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SEB problems. This includes office discipline referrals (ODRs), teacher nominations, and 

rating scales (Dowdy et al., 2010). An outline of the strengths and limitations of each of 

these methods is important when attempting to understand how these different methods 

may influence SEB risk identification.  

Office Discipline Referrals (ODRs) 

ODRs are one method schools use for collecting behavior data. Sugai and 

colleagues (2000) define an ODR as:  

An event in which (a) a student engages in a behavior that violated a rule or social 

norm in the school, (b) the problem behavior was observed or identified by a 

member of the school staff, and (c) the event resulted in a consequence delivered 

by administrative staff who produced a permanent (written) product defining the 

whole event (p. 96). 

Data suggests that most schools already collect ODR information (Predy et al., 2014; 

Sugai et al., 2000), making it a relatively easy metric to assess discipline events in the 

school setting. However, the subjective nature of ODRs significantly limits their 

application (Girvan, Gion, McIntosh, & Smolkowski, 2017; Miller et al., 2015; Sugai et 

al., 2000). That is, one staff member within a school may determine a behavior meets the 

level of which to administer an ODR, whereas the same behavior may evoke a different 

response from a second individual. Another limitation of using ODRs are the reactive 

nature in which the data are used (McIntosh, Frank, & Spaulding, 2010). That is, students 

have to receive an ODR and typically multiple infractions before the student can be 

identified as a student that may require additional supports or services. A significant 

problem with this process is that an intervention based off ODR data is often 
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implemented too late and a problematic relationship between the student and teacher has 

been established (McIntosh et al., 2010).  

Research has found that ODRs are more sensitive to behavioral differences in 

students compared to other data collection methods using records (i.e., detention, 

suspension, and expulsion data; Sugai et al., 2000). However, other researchers have 

noted that ODRs are less sensitive than other methods of measurement (e.g., rating 

scales) for individuals with few ODRs (McIntosh et al., 2010; Predy, McIntosh, & Frank, 

2014). ODRs have been used to identify individuals with externalizing problems, but may 

not capture the full spectrum of SEB problems (e.g., internalizing behaviors; Irvin et al., 

2004; Martella et al., 2010; McIntosh et al., 2009; Miller et al., 2015; Predy et al., 2014; 

Severson et al., 2007).  

Teacher Nomination 

Teacher identification of student concerns and referral for support services have 

been the primary method by which students are identified for SEB problems (Dowdy, 

Doane, Eklund, & Dever, 2011; Gerber & Semmel, 1984; National Research Council, 

2002). In this method, a teacher may identify some type of SEB concern in the classroom 

and would refer a student for additional help or support to a team or professional in the 

school tasked with providing student-focused interventions.   

 One tool that uses a systematic method to nominate students with SEB problems 

is the Systematic Screener for Behavioral Disorders (SSBD; Walker & Severson, 2014). 

The SSBD uses a multiple gating method to identify students with externalizing and 

internalizing behavior problems. At the first stage, teachers rank order students in their 

classroom to identify students demonstrating the highest levels of externalizing and 
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internalizing behaviors. The teacher then selects three students with the highest 

externalizing problems and three students with the highest internalizing problems. These 

students are evaluated using a behavioral rating tool followed by direct observations. The 

SSBD has been shown to demonstrate adequate reliability with externalizing (a = .75), 

adaptive (a = .83), and maladaptive behaviors (a = .90) and convergent validity with the 

Teacher Rating Form and Social Skills Rating System (correlations between .47 and .67 

on similar scales, with correlations below .38 on dissimilar scales; (Caldarella, Young, 

Richardson, Young, & Young, 2008; Richardson, Caldarella, Young, Young & Young, 

2009; Walker et al., 1990).  

Research regarding SSBD has not compared individuals at Stage One that are 

provided further evaluation and those individuals that are eventually identified in later 

gates. Intensity, duration, frequency, and topography of behaviors will influence how 

teachers rank behaviors. In addition, teachers may be misidentifying the rankings 

specifically for internalizing behaviors because teachers demonstrate more difficulties 

identifying students with internalizing behavior problems (De Los Reyes et al., 2015; 

Herman et al., 2018; Lochman, 1995). For example, a comparison of students at rank 

three and four may indicate there are no differences in their behavioral functioning (e.g., 

ODRs or Stage Two teacher ratings). It may be that most false negatives (e.g., the SSDB 

does not identify the individual as at-risk when the individual is at-risk) are those 

individuals just outside of the top three rankings in either externalizing or internalizing 

problems. In addition, internal consistency was low for internalizing problems 

(Cronbach’s a = .57; Caldarella et al., 2008). The alpha level is well below reliability 
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level of .70 for low-stakes decisions, like those done for screening purposes (Cortina, 

1993; Jonnson & Svingby, 2007).  

In a study using a less formalized methods of teacher nomination of students at-

risk for SEB, researchers revealed no differences between students that were nominated 

by teachers for SEB risk and students that were not nominated for SEB risk on end-of-

year ODR data and grades in reading (Dowdy et al., 2011). However, the study did not 

compare nominations for different areas of SEB problems (e.g., internalizing, 

externalizing, and school problems). As teachers tend to identify students who 

demonstrate more externalizing problems (e.g., aggressive, hyperactive, and disruptive 

behaviors) at higher rates than internalizing problems (e.g., depression and anxiety; 

Eklund & Dowdy, 2014; Lloyd et al., 1991; Pearcy, Clopton, & Pope, 1993), using a 

method such as the SSBD may demonstrate inherent flaws. Without a systematic 

approach to teacher nominations, a significant number of individuals may be under-

identified or under-served (Dowdy et al., 2013; Eklund et al., 2009; Miller et al., 2015). 

Rating Scales 

A third method of SEB risk identification is the use of rating scales. Universal 

screening measures are one example of rating scales; these measures are designed to be 

brief assessments of student functioning that operationalize and structure respondents’ 

perceptions on a broad range of SEB indicators (Dowdy et al., 2013; Eklund et al., 2017; 

Kamphaus et al., 2007). Brief behavioral rating scales (BBRS) are a more objective 

method of identifying SEB risk because each individual is evaluated on the same criteria; 

these measures often serve to identify additional students that are at-risk for SEB 

problems that other methods may miss (e.g., ODRs and nominations; Chatterji et al., 
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2004; Dowdy et al., 2013; Eklund et al., 2009; Eklund & Dowdy, 2014). BBRS of SEB 

problems have been found to identify individuals with externalizing problems, 

internalizing problems, adaptive problems, and school problems (Kilgus, Eklund, von der 

Embse, Taylor, & Sims, 2016; Kilgus, Taylor, & von der Embse, 2017; Stiffler & Dever, 

2015). For example, Kilgus and colleagues (2016) found medium to large effects on 

academic outcomes when comparing students at-risk and not at-risk on the Social, 

Academic, and Emotional Behavior Risk Screener (SAEBRS) and sensitivity of >.90 and 

specificity of greater than .70 with other measures of SEB risk.  

BBRS have also been found to be predictive of end of year behavioral data and 

academic data, beyond what can be explained with academic data (Eklund et al., 2017). 

In their study, Eklund and colleagues (2017) found that the individual scales of the 

SAEBRS accounted for 21% of the variability in reading curriculum-based measurement 

scores. BBRS screening data allow for schools to put in place early intervention services 

for students before SEB problems manifest into larger problems (Dowdy et al., 2010, 

2013; Eklund et al., 2017). BBRS can be completed by different stakeholders, each 

demonstrating their own advantages and disadvantages.  

Parents as informants. Parents routinely complete rating scales about their 

children. Parents can be a particularly important source of information when children are 

starting school (e.g., preschool and kindergarten) as they may serve as the most 

knowledgeable informant of what is typical/atypical for their child (Puura et al., 1998). 

From a pragmatic standpoint, teachers may not have had the time to learn about the 

student (Reynolds & Kamphaus, 2015) and self-reports would be impractical at this age 

(Levitt et al., 2007). Caution should be used as research demonstrates parents may 
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underreport SEB problems due to stigma or cultural differences (Carter et al., 2004). For 

example, they may want to portray their child positively because they may perceive that 

poor SEB functioning of their child reflects their parenting ability. In addition, ratings by 

parents may not reflect SEB problems displayed in contexts other than those observed 

(e.g., behaviors outside of the home environment; Carter et al., 2004; Girio-Herrera et al., 

2015), and their perspective of SEB functioning at school may not be as reliable or valid 

as teacher ratings (Girio-Herrera et al., 2015). Relatedly, research has consistently shown 

that parents are better able to identify their child’s externalizing behaviors over that of 

their child’s internalizing behaviors (De Los Reyes et al., 2015; Herman et al., 2018; 

Puura et al., 1998).  

Teachers as informants. Teachers are one of the most common sources of 

information when collecting data on the SEB functioning of students in schools. Teacher 

ratings of SEB functioning demonstrate strong reliability and validity coefficients 

(Eklund et al., 2017; Kamphaus et al., 2007). For example, the SAEBRS had Cronbach’s 

alphas of .94 for the Total Behavior scale with elementary and middle school students, 

and had subscale Cronbach’s alpha ranging from .81 to .93 (Eklund et al., 2017), which is 

above the acceptable criterion of .80 for low-stakes decision making (Salvia, Ysseldyke, 

& Witmer, 2016).  

Teacher ratings predict important behavioral and academic outcomes (Dowdy et 

al., 2013; Eklund et al., 2017; Kamphaus et al., 2007). Eklund et al. (2017) used a 

multilevel approach to evaluate a SEB screening tool with teachers and found little 

variability between teachers in how they rated the behavior of their students. The low 

variability may be due to reduced teacher bias and increased objectivity of rating scales 
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(i.e., each teacher is rating their students’ behavior similarly) or limited test sensitivity to 

actual differences in behavior (i.e., teachers rate their students similarly even though the 

students display varying intensity, frequency, or duration of behaviors; Eklund et al., 

2017). However, teachers are in a unique role as they often have a normative comparison 

group in that they are able to evaluate a student’s behavior against other students in the 

classroom and school, and therefore may be more sensitive to differences in SEB 

functioning (Puura et al., 1998). However, like parents, teachers are generally better at 

identifying student externalizing behavioral concerns than internalizing behaviors (De 

Los Reyes et al., 2015; Herman et al., 2018; Lochman, 1995).  

Student self-report as informants. Students self-reports of SEB functioning can 

be an important source of information once students are mature enough to understand the 

constructs being measured (Levitt et al., 2007), with self-report measures developed for 

children in grades 3 and above (e.g., BASC-3 BESS; Kamphaus & Reynolds, 2015). 

Children may be better able to identify covert peer interaction behaviors (e.g., bullying 

between peers) or internal states (e.g., worry and sadness) better than parents or teachers 

(De Los Reyes et al., 2015). Student self-report data predict later behavioral and 

academic outcomes (Carroll et al., 2009; von der Embse, Kilgus, Iaccarino, & Levi-

Nielsen, 2017). For example, von der Embse and colleagues (2017) found that the Total 

Behavior scale of the SAEBRS self-report version had adequate sensitivity and 

specificity and was highly correlated with another measure of behavioral functioning (r > 

.50). However, the Total Behavior scale had a Cronbach’s alpha of .80, and all subscales 

had alpha scores between .63 and .68. The Total Behavior scale met the recommended 
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.80 criterion for reliability, but the subscales did not meet this criterion (Salvia et al., 

2016). 

Universal screening of SEB problems through rating scales may be more difficult 

to implement compared to teacher reports due to the extra protections afforded through 

the Protection of Pupil Rights Amendment (2002). These guidelines suggest that if 

screening procedures are voluntary and the student and/or their parents are allowed to opt 

out of the process, then self-reports can be a practical and psychometrically sound 

method of universal screening for SEB risk (Dever, Kamphaus, Dowdy, Raines, & 

DiStefano, 2013; Raines et al., 2012).  

Synthesis  

Prevention-oriented assessment in schools in the form of universal screening is a 

method that provides population level data on the overall health of the system on a broad 

and/or narrow range of needs. Universal screening is embedded at the first tier within a 

multi-tiered framework of assessment and intervention. Recently, this method has been 

used to identify SEB risk in students. Schools can use three main methods of collecting 

universal screening data on SEB risk: (1) through existing permanent records like ODRs, 

(2) systematics nominations by teachers, and (3) standardized BBRS. ODRs have been 

shown to be predictive of end of year outcomes; however, due to their reactive nature, 

interventions may be implemented too late when a negative relationship has been 

established between the teacher and student. In addition, this method may miss students 

that display internalizing behaviors. Teacher nominations have shown concurrent 

reliability and validity with rating scales. However, these methods rank students by 

perceptions of severity rather than classify students against a criterion. Research has 
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found that BBRS identified additional students at-risk for SEB problems. BBRS can be 

completed by parents, teachers, and student self-reports. Parent reports are most 

beneficial at the beginning of a child’s schooling (e.g., kindergarten), teacher reports are 

beneficial across a student’s education, but can become more difficult to implement in 

secondary education when students have more than one teacher, and student self-reports 

are best when they are able to perceive and convey their own states of functioning (e.g., 

in third grade or higher). Student self-reports may provide the best information when 

examining internalizing behaviors, but may be more difficult to implement due to the 

additional protections provided to them.  

Overall, the three methods can be used to identify SEB risk, but additional 

research is needed to understand the moderating effects of diversity in SEB identification 

(Cook et al., 2010). Specifically, researchers have found that ethnic and racial minorities 

are disproportionally identified as at-risk for SEB problems compared to their White 

counterparts (e.g., Bradshaw, Mitchell, O’Brennan, & Leaf, 2010b; Skiba et al., 2002, 

2011; Smolkowski et al., 2016).  

Disproportionality and Universal Screening 

 Disproportionality can be defined as the unequal distribution of individuals, 

through either overrepresentation or underrepresentation, measured on a construct or 

setting of interest (Raines, Dever, Kamphaus, & Roach, 2012; Raines, 2016). The 

unequal distribution is compared to the overall proportion of individuals in that 

population. In research and practice, disproportionality is typically defined by one 

group’s risk in relation to another group’s risk (e.g., risk ratios, odds ratios, and 

comparison index; Bottiani, Bradshaw, & Gregory, 2018). Risk ratios are defined as the 
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relative risk of one group divided by the relative risk of a comparison group. For 

example, the risk ratio of Black students receiving an office discipline referral in relation 

to White students can be calculated by: 

!"#$%&'"	!&)*	!$%&+ = 	
!!"#$%&	()	*+,-.	/0"1%20/	3450	678/

9(0,+	2"#$%&	()	*+,-.	/0"1%20/ "

!!"#$%&	()	:540%	/0"1%20/	3405	678/
9(0,+	2"#$%&	()	:540%	/0"1%20/ "

       (1) 

A relative strength of the relative risk ratio is that it is easy to understand, in that it 

signifies if a group is represented on a variable at similar or different levels compared to 

another group (e.g., Hispanic students are twice as likely to be identified as having a 

Learning Disability compared to White students). However, a significant limitation of 

this metric is the reliance on a comparison group. The relative risk ratio cannot make 

claims about the absolute risk for a particular group (Bottiani et al., 2018; National 

Research Council, 2002). For example, when examining reading rates, a relative risk ratio 

of 2.0 suggests that Black students are twice as likely to be identified as having a below 

basic understanding of reading compared to White students. However, it does not say 

anything about the rates of the individual groups. In this example, it could mean that 2% 

of black students are identified as having a below basic understanding of reading and 1% 

of White students have a below basic understanding of reading. Conversely, it could 

suggest that 60% of black students are identified as having below basic understanding of 

reading and 30% of White students have a below basic understanding of reading. A 

similar problem occurs when using odds ratios because of the use of a reference group 

(National Research Council, 2002).  

Disproportionality defined with reference groups may become unreliable and 

often difficult to detect when the population is highly homogeneous (e.g., a school whose 

demographics include 90% of students who identify as Hispanic; Bottiani et al., 2018). 
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Absolute risk frequencies also referred to as risk indexes for individual groups, has been 

recommended as an alternative to methods that use reference groups (Bottiani et al., 

2018; Losen et al., 2015; National Research Council, 2002). Rather than comparing the 

risk level of one group to another group, this method subtracts the percentage of 

individuals identified from the total percentage of students from that group (Losen et al., 

2015). Therefore, when using absolute risk frequencies, inferences can be drawn about 

disproportionality in individual groups better than when using risk ratios (Bottiani et al., 

2018). However, relative risk ratios or odds ratios are most commonly used to describe 

disproportionality in identifying SEB risk (Boneshefski & Runge, 2014). Therefore, most 

of the information described in the following compares outcomes of minority groups to 

White students.  

Disproportionality in ODRs 

The majority of research on disproportional use of ODRs is with Black and White 

students (Bradshaw et al., 2010b; Girvan et al., 2017; Kaufman et al., 2010; Skiba, 

Michael, Nardo, & Peterson, 2002). Black students receive significantly more ODRs 

compared to white students, even when controlling for variables that may impact the 

disproportional use of ODRs (e.g., free and reduced lunch, grade point average, and 

school-, classroom-, and individual-level behavior data; Girvan et al., 2017; Martella et 

al., 2010; Roque, 2010; Skiba et al., 2002). In general, Black students are more likely to 

receive ODRs for subjective reasons (e.g., disrespect and defiance) whereas their White 

students are more to receive ODRs for objective reasons (e.g., fighting and vandalism; 

Girvan et al., 2017; Skiba et al., 2002, 2011; Smolkowski, Girvan, McIntosh, Nese, & 

Horner, 2016). For example, Girvan and colleagues (2017) found that race account for an 
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additional 1.5 to 3 times the variability in subjective ODRs compared to objective ODRs. 

Smolkowski and colleagues (2016) also found that Black students were more likely to 

receive subjective ODRs (OR ranged from 1.25 to 1.73).  

A racial match between the teacher and student did not reduce the risk of Black 

students receiving an ODR (Bradshaw et al., 2010b). Black male students had the highest 

likelihood of receiving an ODR if their teacher was also Black (adjusted OR = 0.58). 

Data regarding the disproportionality of ODRs with other ethnic or racial minority groups 

(e.g., Hispanic, Asian, and Native American/American Indian students) are mixed or less 

apparent. Hispanic students receive more ODRs than non-Hispanic White students, 

whereas other studies show that Hispanic students receive fewer ODRs than non-

Hispanic White students (Rocque, 2010; Skiba et al., 2011; Whitford & Levine-

Donnerstein, 2014).  

There are few studies being conducted on the rate of ODRs with Native American 

and Asian students because of relatively small sample sizes and a focus on other ethnic 

minority groups (Bradshaw et la., 2010; Skiba et al., 2011; Whitford & Levine-

Donnerstein, 2014). Of the studies conducted with Native Americans, several studies 

have found that Native Americans are overrepresented in the number of ODRs received 

compared to White students (Wallace, Goodkind, Wallance, & Bachman, 2008; Whitford 

& Levine-Donnerstein, 2014), while other studies show that Native-American students 

receive similar or more ODRs than Black students (Brown, 2014; Skiba, Peterson, & 

Williams, 1997). Asian students have been found to be less likely to receive ODRs 

compared to other ethnic minority groups (Wallace et al., 2008; Whitford & Levine-

Donnerstein, 2014).  
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Disproportionality in Nominations 

The lack research surrounding teacher referral and identification is A significant 

limitation in understanding disproportionality with teacher nominations for SEB risk. 

Research on the identification of SEB problems often comes from referrals for special 

education (e.g., National Research Council, 2002). Although data on referrals for special 

education (e.g., emotional disturbance and other health impairment) are not equivalent to 

systematic universal screening methods using teacher nominations, several issues should 

be mentioned. First, disproportionate number of ethnic minorities have been referred for 

special education since the inception of special education in the 1970s (National Research 

Council, 2002). In the category of emotional disturbance, Black students are consistently 

identified at higher rates compared to White students (Gravois & Rosenfield, 2006; 

National Research Council, 2002; Zhang, Katsiyannis, Ju, & Robers, 2014). The National 

Research Council (2002) found that black students were 59% (OR = 1.59) more likely to 

be identified as having an emotional disturbance compared to white students.  

Research has found mixed results with Native American students. Sometimes 

they are identified with higher rates or equal rates of emotional disturbance compared to 

White students (National Research Council, 2002; Zhang, Katsiyannis, Ju, & Robers, 

2014). Hispanic and Asian students were less likely to be identified with an emotional 

disturbance compared to White students (National Research Council, 2002; Zhang, 

Katsiyannis, Ju, & Robers, 2014). These results may be due to the highly subjective 

nature of teacher identification of SEB risk. Research has found that teachers identify 

SEB risk in their students through intuition and functional impairment rather specific 

symptomology (Green et al., 2017). The subjectivity within teacher identification has led 
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researchers to suggest that BBRS may be a superior method for identifying SEB risk 

because each student is rated on the same criterion (Dowdy et al., 2010).  

Disproportionality in Rating Scales 

Empirical studies and theoretical manuscripts have examined disproportionality 

and the use of BBRS as universal screening tools for SEB functioning. Some researchers 

suggest that the use of BBRS as universal screening tools eliminate or reduce the 

disproportionality of minority students identified with SEB risk (Raines et al., 2012). 

Dever, Raines, Dowdy, and Hostutler (2016) examined students that would be identified 

as at-risk for SEB problems through a self-reported BBRS compared with individuals that 

were already receiving services for special education and found that Black students were, 

(a) overrepresented in the groups that did not receive special education, (b) identified as 

at-risk for SEB problems on the BBRS and received special education services, and (c) 

not identified as at-risk for SEB problems on the BBRS. This research showed a 

mismatch between individuals self-reported levels of SEB problems and individuals 

receiving services for SEB problems.  

Given the high correlation between behavioral and academic functioning 

(Hinshaw, 1992), it would be expected that students would show similar levels of SEB 

risk across racial/ethnic groups in special education. The use of BBRS as a universal 

screening tool should reduce the mismatch between symptomology and treatment (Dever 

et al., 2016). White students rated themselves as having more SEB problems than Black 

students (Dever et al., 2013), but Splett and colleagues (2018) found that race/ethnicity 

did not predict being identified by teachers as at-risk for SEB problems by the BBRS tool 

or by the school’s identification method. It may be that there are differences in rates of 
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actual SEB functioning and teacher perceptions or school identification of SEB 

functioning, but the same biases that are present in the referral processes may also be 

present in BBRS used in universal screening (Splett et al., 2018).  

Differences have been found when comparing racial/ethnic differences on rating 

scales that are not used for universal screening purposes. For example, Lau and 

colleagues (2004) found that parents of White children reported higher externalizing and 

internalizing problems compared to minority youths. Teachers reported fewer 

internalizing problems for Black adolescents and fewer externalizing problems for Asian 

individuals, but there were no differences between groups on self-reports of behaviors. 

Other research has found that when controlling for classroom behaviors, Asian students 

are rated as having higher levels of externalizing behaviors compared to Black and White 

students (Mason, Gunersel, & Ney, 2014).  

Explanations for Disproportionality 

Several possible explanations have been posed to understand the 

disproportionality in identifying students at-risk for SEB problems including, (a) a 

mismatch between values of students and teachers/schools, (b) lower socioeconomic 

status (SES) of minority students, (c) higher rates of behavior problems for Black 

students, and (d) implicit and/or explicit bias (Bradshaw et al., 2010b; Dever et al., 2013; 

Girvan et al., 2017; Skiba et al., 2011; Smolkowski et al., 2016; Townsend, 2000; 

Wallace et al., 2008; Wu et al., 1982). I will discuss each of these explanations below.  

Mismatch 

Data from a national dataset found that 72-80% of non-white students were 

instructed by White teachers (McGrady & Reynolds, 2013). Thus, many students will 
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experience a cultural mismatch and this mismatch leads to disproportionate number of 

ethnic minorities (excluding Asians) identified with SEB problems (Townsend, 2000). 

Cultural minority students may have different expectations on what is and is not 

acceptable behavior as determined by the teacher or school at-large, which can lead to 

perceptions by teachers that students are acting in an unacceptable manner without the 

student realizing how their behaviors are perceived (e.g., working on an assignment while 

standing rather than sitting in a seat; Townsend, 2000)). The frequent cultural mismatch 

has led toward recent efforts to improve culturally responsive teaching to improve student 

behavior (Larson, Pas, Bradshaw, Rosenburg, & Day-Vines, 2018). 

Bradshaw et al. (2016b) attempted to elucidate the discrepancy in cultural 

mismatch and disciplinary practices, but still found that Black male students were more 

likely to receive an ODR when their teacher was also Black. The researchers 

acknowledged that race is not equivalent to culture, and that the racial/ethnic 

disproportionalities in discipline cannot be explained by a mismatch between race alone. 

When considering intersectionality and the wide variety of experiences and identities that 

shape a student’s culture, analysis of any single factor in isolation would provide an 

incomplete picture of student functioning (Crenshaw, 1993; McCall, 2005). However, 

this research does indicate that although calls to increase the number of minority 

educators is a worthy cause, it would not explain the disproportionate number of minority 

groups identified with SEB problems (McIntosh, Girvan, Horner, & Smolkowski, 2014). 

In addition, this does not explain why Black male students in particular, compared to 

other racial/ethnic minority groups, are not identified with the same rates of SEB 

problems.  
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SES 

Another explanation the disproportionality in SEB risk identification is that 

minorities are more likely to come from household with lower SES, and research has 

consistently shown the negative effects of growing up in these environments (e.g., 

exposure to lead, alcohol, or tobacco and less cognitively stimulating environments; 

National Research Council, 2002). In fact, by 24 months of age, children from higher 

SES families know about 450 words whereas children from lower SES families know 

about 300 words (Fernald, Marchman, & Weisleder, 2013). Prevalence rates for behavior 

problems were nearly 30% for preschool-age children from low SES families compared 

to 3% to 6% of preschool-age children from higher SES families (Qi & Kaiser, 2003). 

However, at the middle and high school level SES has not been shown to be related to 

SEB functioning (Dever et al., 2013). In separate studies, researchers found 

disproportionate identification of SEB problems in racial/ethnic minority students even 

when accounting for SES (Skiba et al., 2002; Wallace et al., 2008).  

Higher Rates of Behavior Problems 

A third explanation for the disproportionate number of minorities identified with 

SEB problems is that these groups display higher rates of problems than their White 

counterparts. This may be the most logical answer to the question of disproportionality in 

that certain cultural groups are identified with more SEB problems because those groups 

have higher rates of SEB problems. However, research has shown that minority students, 

specifically Black male students, display the same levels of SEB problems as their White 

counterparts in the classroom yet receive harsher punishments (Bradshaw et al., 2010b; 

McCarthy & Hoge, 1987). As such, differences in the identification of SEB functioning 
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has been theorized to be a result of cultural biases, whether implicit or explicit 

(Smolkowski et al., 2016; Townsend, 2000). 

Bias 

Lastly, research has documented both explicit and implicit bias and their roles in 

how individuals perceive and interact with other individuals (Girvan, Deason, & Borgida, 

2015; Smolkowski et al., 2016). Explicit biases are the overt expressions of prejudice or 

discrimination; these are consciously held beliefs that one group is superior to others 

(McIntosh et al., 2014). In schools, teachers may have lower academic expectations for 

Black students compared to White students (Ferguson, 2003). For example, researchers 

found that teachers had more positive expectations for European American students than 

Latinx (d = 0.23; 95% CI [0.10; 0.37]) and Black students (d = 0.24; 95% CI [0.19; 

0.27]; Tenenbaum & Ruck, 2007). A similar study of a nationally representative sample 

found that Non-White teachers’ views of White students do not vary from White 

teachers’ views of White students, but Non-White teachers’ views of Non-White 

students’ academics and behavior were slightly more positive compared to White 

teachers’ views of Non-White students (McGrady & Reynolds, 2013). These studies were 

not able to distinguish between conscious and unconscious biases.  

Implicit biases are automatic unconscious thoughts that result in behaviors that 

are discriminatory (McIntosh et al., 2014). Implicit biases occur when an individual lacks 

the information needed to make an unbiased decision (e.g., interpretation of talking in 

class as noncompliance when the student is asking a classmate for help) or when the 

individual lacks the resources to make an unbiased decision (e.g., the decision has to be 

made quickly or the individual is fatigued) (Pearson, Dovidio, & Gaertner, 2009; 
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Smolkowski et al., 2016). Research has shown that Black students receive significantly 

more ODRs for subjective reasons (e.g., insubordination and noncompliance), while 

White students tend to receive ODRs for objective reasons (e.g., truancy and fighting; 

Girvan et al., 2017; Skiba et al., 2011; Smolkowski et al., 2016; Wallace et al., 2008). In 

contrast, Asians are less likely to be identified with SEB problem even though research 

has found they may have more internalizing behavior problems compared to White 

students (Lorenzo, Frost, Reinherz, 2000). The differential rates in SEB risk 

identification may result from teacher expectations of subgroups of students or the 

manner in which subgroups of individuals display behaviors are different than teacher 

expectations (Gupta, Szymanski, & Leung, 2011; Lau et al., 2007; Townsend, 2000). 

Interventions to reduce implicit bias are difficult because the decisions occur 

unconsciously (McIntosh et al., 2014).  Therefore, it would be prudent to identify the 

behaviors on BBRS that relate to the disproportionate identification of individuals with 

SEB problems.  

Synthesis 

Disproportionality can be defined as either the overrepresentation or 

underrepresentation across groups for a given construct. Disproportionality is usually 

portrayed in the literature through risk ratios or odds ratios, which compare groups 

against a reference group, typically White students. Across ODRs, teacher nominations, 

and rating scales, Black students are more likely to be identified with SEB risk. Research 

regarding other ethnic and racial groups is inconclusive, with the exception of Asian 

students. Asian students are less likely to be identified with SEB risk compared to White 

students. Researchers have provided four main explanations for disproportionality in SEB 
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risk identification, (a) a mismatch between values of students and teachers/schools, (b) 

increased rates of problem behaviors in minority populations, (c) lower socioeconomic 

status (SES) of minority students, and (d) implicit and/or explicit bias. Research has not 

shown the cultural mismatch, minority students have increased rates in problem 

behaviors, or lower SES as fully explaining disproportionality in SEB risk identification. 

Research has shown that implicit and explicit biases impact people’s perceptions and 

interactions with other individuals. To identify biases in how perceptions of student 

behavior may lead to disproportionality in SEB risk identification, an examination of how 

individuals respond to questions related to SEB risk is warranted. 

Theoretical Framework for and Identifying Bias in Screening 

Rating scales are frequently used to collect SEB data because each student is 

evaluated on the same criteria (Dowdy et al., 2010). A theoretical gold standard for using 

rating scales would be a universally agreed upon operational definition of each survey 

item with similar definitions on frequencies and intensities that are related to the provided 

response options for each rater, and deviation from this would result in biased responding 

(Snow, Cook Lin, Morgan, & Magaziner, 2005). However, each respondent has a unique 

way of understanding the question and terminology, recalling information, and 

formulating a response to the rating scale (Jobe, 2003). Information processing models 

have been developed to understand the steps a respondent uses to understand the question 

being asked and the cognitive processes performed to develop an answer to the question 

(Jobe, 2003; Snow et al., 2005; Tourangeau & Rasinski, 1988).  
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Information Processing Theory and Bias 

Tourangeau and Rasinski (1988) developed a four-step information processing 

model to understand how individuals complete rating scales based off their individual 

attitudes. In the first step, the individual comprehends and interprets the question 

(Tourangeau & Rasinski, 1988). In SEB assessment, the individual uses long-term 

memory to retrieve existing schema of the behavior (Fazio, Sanbonmatsu, Powell, & 

Kardes, 1986). For example, the individual may represent worry as both verbal and 

nonverbal expressions of anxieties. The individual may interpret worry with a specific 

facial feature or physiological response in other individuals. Next, the individual uses 

their episodic memory of the comprehended and interpreted behavior to identify events. 

For example, a teacher may recall specific times when a student was worried, or the 

teacher may recall a previously established summary of a student’s worrisome behavior.  

Some behaviors may be easier to remember, especially when they occur 

frequently or with greater intensity (Jobe, 1996; Schwarz, 1999). For example, temper 

outburst might be easier to recall than impulsiveness because of the intensity of the 

behavior. In the third step, the individual uses a judgment process from the recalled 

events or previously established summary to scale their attitude. In this step, the 

individual places meaning or weight to the events recalled from memory, typically using 

some integration method like adding or averaging, to formulate a decision about the 

frequency of a behavior (Tourangeau & Rasinski, 1988). Individuals use heuristics in the 

integration process to estimate a behavioral frequency. For example, if an individual is 

determining the frequency of a behavior that has occurred in the past month, they may 
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remember the number of events that took place in the past week and use this number to 

estimate the frequency of the event in the past month.  

In the final stage, the individual reports their judgment about the frequency of a 

behavior onto the provided response options. In addition, before the individual provides a 

response, the respondent may edit their judgment by ensuring that the frequency is 

consistent with their previous responses (Tourangeau & Rasinski, 1988). For example, 

the individual has an internal judgment of the frequency of a worry and determines that it 

occurs Sometimes. The individual may also check to make sure that their response of 

Sometimes matches the frequency of the behaviors previously rated.  

Information Processing and Subjectivity 

In the information processing model described here, subjectivity within a 

response can occur at all four steps, which can produce differential responding. In the 

first step of comprehending or interpreting the question, there is an inherent subjective 

nature in what the rater perceives the behavior to look like (Peshkin, 1988; Weber, 2003). 

Each rater has their own representation of the behavior and this may or may not align 

with the test developer or other raters. In addition, the behavior may be displayed 

differently across different groups of individuals (Townsend, 2000). Therefore, the less 

an individual understands the behavior and how these behaviors are displayed across 

different groups of individuals, the greater the likelihood of biased responding 

(Townsend, 2000).  

The events or information retrieved from memory are susceptible to subjective 

bias as well. The frequency of behaviors that occur irregularly can be overestimated 

(Jobe, 1996) and behaviors that are more intense are more easily remembered (Schwartz, 
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1999). Therefore, behaviors that are harder to remember are more susceptible to biased 

responding. In the third step, the individual scales their memories of the behavior. For 

SEB risk identification, the individual estimates the behavior onto a frequency scale. 

Making a judgment on the frequency of a behavior can be difficult and people tend to use 

heuristics during decision-making (Stone et al., 2000). For example, an individual may 

recall that a behavior occurred two times in the past week, then the individual estimates 

that the behavior occurred eight times in the past month. In this case, the estimation of the 

frequency of a behavior is susceptible to the recency of the behavior.  

Finally, in the judgment process, the individual uses a method of integrating the 

behavioral events. Respondents are asked to provide their perceptions of the frequency of 

a behavior, but intensity and duration are used to determine frequency (Stone et al., 

2000). Therefore, the more the individual uses estimation techniques or integration 

methods that include factors other than frequency (e.g., intensity and duration) then the 

more the ratings are susceptible to biased responding. In the final step, the individual 

places their judgment regarding the frequency of the behavior onto the provided response 

options. Biased responded at this step would occur if the respondent’s perception of the 

frequency of a behavior does not match the provided response options. The individual 

may go through an editing process before assigning a rating. Therefore, the greater the 

mismatch between the internal judgment of a behavior and the provided response options, 

the greater possibility there is for biased responding. Overall, an information processing 

model may help explain why differential responding occurs across subgroups of 

individuals.  
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Identifying Bias in Assessment 

 Evaluations of disproportionality in rating scale measurement can be done by 

analyzing the overall proportion of individuals identified on a construct of interest. 

Alternatively, statistical methods have been used to evaluate the response patterns 

between groups on the individual items present on rating scales. In test development, 

measures may be given to an expert panel that identifies items that might be biased and 

should be removed from the measure. Once the measure is completed and used with 

different groups of individuals, it may be assumed that there is measurement invariance. 

That is, the measure and items are functioning equally for different groups of individuals 

(e.g., the item is measuring the construct for males the same way in which the item is 

measuring the construct for females; Kim & Yoon, 2011). However, measurement 

invariance cannot and should not be assumed, especially in the identification of SEB 

functioning in which minorities are identified as at-risk at disproportionate rates. 

Comparisons between groups on SEB functioning may not be valid if analyses have not 

been conducted on measurement invariance (Borsboom, 2006). Therefore, the purpose of 

checking for measurement invariance is to ensure fairness and equality in testing across 

groups of individuals (Zumbo, 2007).  

Measurement Invariance 

 Measurement invariance is defined as the variability in the scores obtained are a 

function of the latent construct of interest and is unrelated to other characteristics, such as 

group membership (Kim & Yoon, 2011; Zumbo, 2007). For example, the observed scores 

on individual items in a SEB measure are a result of that individual’s SEB functioning 

and is not influenced by factors not associated with the latent construct (e.g., 
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race/ethnicity, biological sex, and SES). Measurement invariance can be tested through 

confirmatory factory analysis (CFA) and item response theory (IRT) (Kim & Yoon, 

2011).  

Kim and Yoon (2011) compared CFA and differential item functioning (DIF) in 

IRT using ordered categorical data (e.g., Likert scale items). In their study, the 

researchers found that DIF performed better than CFA in identifying measurement 

invariance in both true positive and false positive rates. Therefore, DIF within an IRT 

framework will be used for the purposes of this study in identifying measurement 

invariance in screening assessment measures. A brief overview of IRT is provided before 

discussing DIF.  

Item Response Theory 

 Classical test theory (CTT) has been the predominant method for constructing, 

analyzing, and scoring psychological measurements (Bock, 1997; Reise, Ainsworth, 

Haviland, 2005). Item response theory (IRT) is an alternative approach to measurement 

that offers a variety of advantages over CTT. IRT models the relationship between the 

latent trait of the individual with the performance of an item used to measure the latent 

trait (Nguyen, Han, Kim, & Chan, 2014). Therefore, each item has a different probability 

of providing a particular response for each individual (Reise et al., 2005). In addition, the 

item and individual are estimated on the same scale, theta (q), which follows a z-score 

distribution with a mean of 0 and standard deviation of 1 (Cappelleri, Lundy, & Hays, 

2014). By measuring the latent trait of the individual and the items of a measure on the 

same scale, reliability can be calculated (i.e., through standard error) at different levels of 

the latent trait. This is different from CTT in which Cronbach’s alpha is calculated for the 
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measure and is the same for each item and person. Lastly, the items on the measure are 

independent of the individuals that complete the measure (Nguyen et al., 2014). In CTT, 

an individual’s observed score is dependent upon the items administered. For example, a 

student in third grade that completed items with single-digit addition problems would 

have a higher raw score than if that same student completed items with algebra problems, 

but their underlying math knowledge is the same. In IRT, the individual’s estimate of 

math knowledge would be similar no matter which items were administered. These 

advantages describe the three fundamental characteristics of IRT: (a) item response 

functions (IRF), (2) information functions, and (c) invariance (Reise et al., 2005).  

Item Response Function 

The item response function (IRF) describes the relationship between the 

underlying latent trait of an individual and the probability of providing a particular 

response (Reise et al., 2005). For dichotomous data, the IRF is presented as an item 

characteristic curve (ICC; Figure 1). The ICC displays the continuum of the latent trait on 

the x-axis (represented by theta or q) and the probability of providing a correct response 

on the y-axis (Reeve & Fayer, 2005). Item difficulty or severity level (b) and item 

discrimination or slope parameter (a) are needed to estimate the probability of the 

individual responding in a particular manner. Item difficulty for dichotomous is defined 

as the inflection point of the ICC. This occurs at a theta value of 0 in Figure 1. The item 

discrimination parameter describes how well an item can differentiate between 

individuals with different levels of the underlying latent trait (Reeve & Fayer, 2005). The 

difficulty parameter is defined by the slope of the ICC at the inflection point. The steeper 
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the curve or the higher the discrimination parameter the greater the item can differentiate 

between individuals of varying levels of the latent trait (Nguyen et al., 2014).  

Figure 1 

The Item Characteristic Curve (ICC) for Dichotomous Data and the Categorical 

Response Curve for a Polytomous Item with Four Response Options 

 

Polytomous data (i.e., greater than two response options) functions similarly to 

dichotomous data. The ICC in dichotomous data is referred to as categorical response 

curves (CRC; Figure 1) and are plotted for each response category (Nyugen et al., 2014; 

Reeve & Fayer, 2005). For polytomous data, the difficulty parameter is the point in 

which the individual is more likely to respond to one category over another. There are k-1 

difficulty parameters, in which k is the number of response categories. The discrimination 

parameter can be understood by the amount of overlap between CRC, with less overlap 

indicating greater discrimination. Item difficulty and discrimination can be used to 

provide item and scale information or item reliability at different levels of the latent trait.  
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Item and Scale Information 

Item and scale information describe the reliability across the latent trait (Reise et 

al., 2005). For example, an easy math problem is better at differentiating between 

individuals with low levels of math knowledge latent trait. A test with lots of easy math 

items will be useful in differentiating between people with low levels of math skill. In 

IRT, reliability is described in terms of information and standard errors, in which the 

information function is the inverse of the standard error function. In the previous 

example, easy math items would provide more information at low levels the math latent 

trait and less information at high levels of math latent trait. Conversely, there would be 

smaller standard errors at low levels of the latent trait and larger standard errors at high 

levels of the latent trait. Therefore, items provide information based off the difficulty and 

discrimination of the item. Items with greater discrimination provide more information at 

the difficulty parameter of the item.  

Each item information parameter can be added together to describe the scale 

information. The scale information function describes the reliability of a measure across 

the latent trait (Reise et al., 2005). Therefore, the reliability of a scale differs depending 

on the latent trait of the individual, whereas in CTT, reliability is the same for each 

individual (Reise et al., 2005).  

Invariance 

Invariance describes two concepts in IRT, (a) an individual’s latent trait can be 

estimated from items with known IRFs, even if those items come from different measure, 

and (b) the IRF does not depend on the particular group in which the individual belongs 

(e.g., latent trait level, race/ethnicity, biological sex, or socioeconomic status) (Reise et 
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al., 2005). This means that item parameters (i.e., discrimination and difficulty) remain 

stable, even when those items are administered to different groups of individuals (Reeve 

& Fayer, 2005). However, measures should be evaluated to determine if this assumption 

is met. Items are described to have differential item functioning (DIF) when there are 

differences in difficulty or discrimination between groups.  

Differential Item Functioning (DIF) 

DIF can be used to identify measurement invariance between a focal group and 

reference group (e.g., White vs minority or male vs female; Zumbo, 2007). DIF can be 

the result of item impact or item bias (Zumbo, 2007). Item impact refers to actual 

differences between groups that result in different response patterns on a measure. For 

example, individuals with ADHD will respond differently than individuals without 

ADHD on items related to attention, and these differences can be attributed to actual 

differences between the groups. On the other hand, item bias occurs when measurement 

invariance is not met due to some characteristic of the person responding or the item 

(Zumbo, 2007). For example, teachers might rate Black students differently on items of 

aggression compared to White students due to underlying perceptions and interpretations 

of the items rather than actual difference between Black and White students.  

In the IRT framework, DIF is established when the ICC of the focal group is 

significantly different than the ICC of the reference group (Figure 2; de Ayala, 2009; 

Zumbo, 2007). Therefore, DIF can occur when one item is more difficult for one group 

compared to the other (i.e., uniform DIF) or when the discrimination parameter is 

different from one group to the other (i.e., non-uniform DIF; Zumbo, 2007). When an 

item differs only on difficulty, (i.e., uniform DIF) it can be said that an item is more 
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difficult for one group compared to the other group, even when individuals in the 

different groups have the same level of the latent trait. In practical terms for SEB 

functioning, uniform DIF would represent consistently lower ratings on items with DIF, 

even when the individuals have the same overall SEB functioning. When an item differs 

only on discrimination it can be said that there is an interaction between ability and group 

membership (Zumbo, 2007). For example, an item with non-uniform DIF would be more 

difficult at low levels of the latent trait, but easier at high levels of the latent trait for the 

focal group compared to the reference group (Kristjansson, Aylesworth, McDowell, & 

Zumbo, 2005).  

Figure 2 

Item Characteristic Curves Showing Uniform and Non-uniform differential item 

functioning (DIF) for Dichotomous Data 

 
 

Identifying and interpreting DIF becomes more difficult with ordered categorical 

data (e.g., Likert scale items) because DIF has to be conducted for each response option 

(Kristjansson et al., 2005). These types of data are commonly collected when evaluating 
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SEB functioning (e.g., BESS; Kamphaus & Reynolds 2015), and therefore, these types of 

analyses should be explored. Similar to DIF with dichotomous data, there can be uniform 

or non-uniform DIF with ordered categorical data (Figure 3; Kristjansson et al., 2005). 

The meaning of uniform and non-uniform DIF is the same when using ordered 

categorical data and dichotomous data; however, the interpretation can look different. An 

extension of the definition used for uniform DIF with dichotomous data to ordered 

categorical data would indicate that the one group has lower probabilities of responding 

to k versus k – 1, where k represents the response, when the two groups have the same 

latent trait level. For example, on an item displaying uniform DIF with response options 

of Never, Sometimes, Often, and Almost Always for the questions “I am sad,” a group is 

more likely to respond to Often instead of Sometimes, even though the two groups have 

the same overall level of SEB functioning. In non-uniform DIF it can be said that one 

group’s probability of responding k versus k – 1, changes with latent trait level of the 

individual. Taking the same example, individuals with low levels of a latent trait in the 

focal group may have higher probabilities of responding to Never rather than Sometimes, 

but have higher probabilities of responding to Often rather than Sometimes at high level 

of the latent trait.  
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Figure 3 

Categorical Response Curves Displaying Uniform and Non-uniform differential item 

functioning (DIF) for Polytomous Data 

 

Note. Uniform DIF displays a shift in the difficulty parameter only. Non-uniform DIF 

displays a difference in discrimination parameter only. All the difficulty parameters 

remain the same as noted by the location of the intersection points between response 

categories, but the curves change. 

Synthesis 

Information processing theory can be used to understand the process that teachers 

go through when providing responses on perceptions of behaviors displayed by their 

students. A four-step process proposed by Tourangeau & Rasinski (1988) includes: (1) 

comprehension of the question, (2) recall of events related to the behavior, (3) estimating 

the frequency based off the events recalled, and (4) placing their estimated frequency 

onto the provided response options. However, this four-step process is susceptible to 

-3 -2 -1 0 1 2 3

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0 Uniform DIF

Theta

P
ro
b
a
b
ili
ty

-3 -2 -1 0 1 2 3

0.0

0.2

0.4

0.6

0.8

1.0
Non-Uniform DIF

Theta
P
ro
b
a
b
ili
ty

Focal
Reference



DIF ON THE SAEBRS  46 

biased responded at each step and these four steps can be used to understand bias in 

assessment. Bias in assessment can be due to item impact or item bias. Item impact refers 

to actual difference between groups on a latent construct. Item bias refers differential 

responding due to some underlying characteristic of the person responding or the item. 

Both of these biased responding result in measurement invariance or differences in 

response patters across different groups of individuals. DIF within IRT can be used to 

assess measurement invariance. With order categorical data (e.g., Likert style questions), 

CRC are compared between the focal group (e.g., Black males) and the reference group 

(e.g., White males). DIF can be described as uniform, an item is more difficult for one 

group compared to another group even when those groups have similar levels of the 

latent trait, or non-uniform, there is an interaction between item difficulty and theta level 

of the individual. Research has begun investigating DIF with universal screening 

measures for SEB risk. 

Differential Item Functioning with Brief Behavioral Rating Scales 

Three studies have conducted descriptive DIF for universal SEB risk screeners. 

Dowdy and colleagues (2011) compared DIF for individuals with limited English 

proficiency with students considered English proficient on the teacher version of the 

BESS (Kamphaus & Reynolds, 2007), and found that most items did not display DIF. 

However, these results should be taken with caution as the number of participants in the 

study were low for detecting DIF using IRT. That is, 142 students were in the focal 

groups and 110 were in the reference group, with recommendations that a minimum of 

500 individuals are in each group (Embretson & Reise, 2000; Reeves & Fayers, 2005; 

Reise & Yu, 1990; Revicki et al., 2014). 
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Lambert and colleagues (2018) evaluated the Emotional and Behavioral Screener 

(EBS; Cullinan & Epstein, 2013) for DIF across Black, White, and Hispanic students. 

The researchers found that overall impact of DIF was small to negligible. Only two items 

for males and three items for females displayed DIF (all R2 values were less than .035). 

However, the study only examined teacher ratings for first grade students. The EBS is 

aligned with the emotional disturbance special education category, and it may be that 

increased DIF would be present for students in different age categories.  

Finally, Schatschneider and colleagues (2014) evaluated DIF by gender, age 

group, and special education status on the Student Risk Screening Scale (SRSS; 

Drummond, 1994). The researchers found DIF on each item for each comparison, but the 

effect sizes for these results were generally negligible when comparing boys and girls 

(Cohen’s d < .12 for all items). When larger effect sizes were found, the researchers 

noted that the results of DIF were due to item impact rather than item bias 

(Schatschneider et al., 2014). For example, when comparing students by special 

education status, students in special education had much lower ratings on academic 

achievement (Cohen’s d = -.88). The result of finding significant DIF for each item and 

comparison made may be due to the large number of participants in the study (Kim, 

Cohen, Alagoz, & Kim, 2007; Meade, 2010). Therefore, when determining the 

significance of DIF with large samples, effect sizes may be more appropriate than p 

values for interpretation of results (Meade, 2010). 

Several effect sizes have been described in the literature that relate to the effect of 

DIF on ratings of an individual item and the test as a whole (Meade, 2010). These 

methods include visual methods (Kim et al., 2007) and statistical methods (Meade, 2010; 
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Zumbo, 1999). Zumbo (1999) describes a method using ordinal logistic regression to 

obtain R2 values as estimates of effect size that combines uniform and non-uniform DIF 

detection. However, other researchers have noted that not enough research is available to 

determine the efficacy of this measure as an indicator of DIF effect size (Kim et al., 

2007). Kim and colleagues (2007), suggest using a visual method with descriptive 

information. Visual information can be displayed in graphs including the difference in 

response functions between the focal and reference group, the impact on item score, the 

impact of DIF on the total score, and the difference in difficulty and discrimination for 

the focal and reference group. They suggested that visual inspection can aid in 

interpretability, and with descriptive information tied to the visuals would provide 

additional context.  

Meade (2010) described a method of calculating effect sizes at the item and test 

level that standardize the information that is provided through visual analysis. At the item 

level, the average expected score difference between the focal and reference group can be 

compared. This is similar to a graph displaying the difference in difficulty and 

discrimination and the impact on item score between the focal and reference group. 

Similarly, the expected test scores differences between the focal group and reference 

group can be compared. This is similar to a graph display if the sum of DIF across all 

items between the focal group and reference group. Therefore, when estimating the 

effects of DIF, graphs with descriptive information described by Kim and colleagues 

(2007) and calculated effect sizes described by Meade (2010) are both beneficial in 

understanding the effects of DIF at the item and test level.  
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Synthesis 

DIF have used to identify difference in response patterns between groups on 

individual items on BBRS (Kim & Yoon, 2011; Kristjansson et al., 2005; Zumbo, 2007). 

Previous research in DIF with BBRS tools that can be used for universal screening have 

focused on identifying problematic items rather than explaining the reasoning for the DIF 

(Dowdy et al., 2011; Lambert et al., 2018; Schatschneider et al., 2014). In addition, these 

studies have not examined DIF that may occur across different racial/ethnic groups or the 

interaction of race/ethnicity and biological sex across a range of age groups.  

Study Purpose 

Further research is needed to understand how BBRS function across individuals 

by race/ethnicity and the interaction of biological sex and race/ethnicity. Research 

indicates that when using disciplinary approaches (e.g., ODRs) or informal referrals to 

identify SEB risk, minority groups are identified at disproportional rates. BBRS used as a 

universal screening method have been suggested as a means to reduce disproportionality 

in SEB risk identification because each student is being evaluated on the same criteria 

(Dowdy et al., 2013; Raines et al., 2012). However, in an information processing model 

of rating scale responding, teachers rate SEB functioning on BBRS that is susceptible to 

subjective responding. It is unclear if students from different groups are being assessed 

similarly by BBRS used for SEB universal screening purposes. Therefore, the purpose of 

this study is to evaluate SEB risk identification by answering four questions:  

1. What are the frequencies of SEB risk by race/ethnicity and the interaction of 

biological sex and race/ethnicity? 

2. What items contribute toward disproportionality in SEB risk identification?  
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3. To what extent are there any trends in items that display DIF by group 

membership? 

4. How well can DIF on a SEB BBRS be predicted by examining how 

individuals complete rating scales or by the subjectivity within each item? 
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CHAPTER III: METHOD 

 This chapter focuses on the research method of the current project. Study one 

examined questions one, two, and three, which are related to disproportionality. Study 

two attempted to answer question four, explaining the measurement invariance in study 

one.  

Study 1: Questions 1, 2, and 3 

 Study one examined if a disproportionate number of minority students were 

identified as at-risk for SEB problems in universal screening practices. Items on a brief 

behavioral rating scale (BBRS) tool used for universal screening of SEB problems were 

examined to determine the rate of disproportionate identification of SEB risk. Analyses 

examined measurement invariance on a teacher completed SEB rating scale. Study one 

attempted to answer the following research questions.  

1. What are the frequencies of SEB risk by race/ethnicity and the interaction of 

biological sex and race/ethnicity? 

2. What items contribute toward disproportionality in SEB risk identification?  

3. To what extent are there any trends in items that display DIF by group 

membership? 

Participants 

The current study used data collected for research purposes by FastBridge 

Learning, a company that provides formative assessments in reading, math, and behavior 

to help schools facilitate their MTSS process. This dataset included teacher behavior 

screening data from 11,525 students from 176 schools across the United States. 

Measurement invariance was conducted on data gathered from the Social, Academic, and 
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Emotional Behavior Risk Screener (SAEBRS) Teacher Rating Scale (TRS).  

In this sample, 51.3% of the students were male and 48.7% of the students were 

female (see Table 1 for participant demographics). Fifty-three percent of the population 

was White, 26.7% Black, 11.0% Hispanic, 5.6% multiracial, 2.5% Asian, and 0.8% were 

Native American. The ages ranged from 4 to 18 (M =10.4, SD = 2.3), and the grades 

ranged from kindergarten to 12th (M = 4.9, SD = 2.4). Five percent of the student 

received special education services.  
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Table 1 

Descriptive Statistics for the Social, Academic, and Emotional Behavior Risk Screener – 

Teacher Rating Scale (N = 11,524) 

Variable Data 

Age M = 10.4 SD = 2.3 

Grade M = 4.9 SD = 2.4 

Biological Sex  

Male 51.3% 

Female 48.7% 

Race/Ethnicity  

Asian 2.5% 

Black 26.7% 

Hispanic 11.0% 

Multiracial 5.6% 

Native American 0.8% 

White 53.4% 

Receiving Special Education Services 5.1% 

 
Measure 

For the purposes of this study, only the Emotional Behavior (EB) scale of the 

SAEBRS-TRS was used. The EB scale was used because it has shown higher variability 

in responding compared to the other scales (Kilgus, Eklund, von der Embse, Taylor, 

Sims, 2016). The EB subscale measures internal states of functioning including 

regulating emotions, adapting to changes, and responding to stressful events. The EB 
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scale is related to internalizing behavior problems and resilience. Lower scores on the 

SAEBRS-TRS EB scale are associated with increased risk. Scores between 0 and 16 are 

considered at-risk and scores between 17 and 21 are considered not at-risk. Previous 

studies have found acceptable levels of reliability, validity, sensitivity, and specificity 

(e.g., Kilgus, Chafouleas, & Riley-Tillman, 2013; Kilgus et al., 2016; Kilgus, Sims, von 

der Embse, & Riley-Tillman, 2015). Internal consistency for the EB scale of the 

SAEBRS-TRS for these data was .84, which is above the criterion of Cronbach alpha > 

.80 for low-stakes decision-making (Salvia et al., 2016).  

Procedures 

Deidentified data were collected by the test publisher, FastBridge Learning, and 

provided with permission to the lead author. The SAEBRS-TRS was used as a universal 

screening tool to assess SEB risk. Data from each school were only provided if the school 

screened at least 80% of their student population, which matches universal screening 

procedures. Data were collected from January 2016 to November 2017, at one or more 

time periods (i.e., fall, winter, and spring over two school years). Data were only used for 

the first time the individual was screened. Therefore, each individual only had results 

from one teacher screening measure.  

Extant student demographic data were provided by the school or school district, 

including data related to race and ethnicity, age, gender, grade, and special education 

status. As such, some individuals had missing demographic information.  

Analyses 

The first two research questions were analyzed with OR and DIF. Each is 

described below.  
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Research Question #1: Frequencies 

First, analyses were conducted to examine if the SAEBRS-TRS identified a 

disproportionate number of students at-risk based on their relative and absolute risk 

frequencies. Research has suggested that both methods of calculating disproportionality 

should be reported (McIntosh, Ellwood, McCall, & Girvan, 2018). Risk status was 

calculated to align with EB raw scores (i.e., at-risk on the SAEBRS-TRS EB scale = raw 

score of 0-16 and not at-risk = raw score of 17-21). Relative risk ratios were calculated 

by dividing the proportion of individuals identified by the proportion identified in the 

reference group. This was calculated with the following formula:  

!&)*	!$%&+ = 	
!#	/"$<&("=	41%204)4%1	,0	&4/.

#	/"$<&("=		42	/,#=+%
"

!#	,++	(05%&	/0"1%20/	41%204)4%1	,0	&4/.	#	,++	(05%&	/0"1%20/	42	/,#=+% "
       (2) 

For the purpose of this study, all other students of the same biological sex not in the 

subgroup were used as the reference group. This method allows for risk ratios to be 

calculated for all groups of individuals (IDEA Data Center, 2014). For example, White 

female students were compared to all other non-White female students. This method 

maintains independence of the groups, and is preferable to comparisons that include the 

focal group in the reference group (IDEA Data Center, 2014). Absolute frequencies were 

determined with the following equation: 

      -.)+#/%"	!&)* = 	 #$%&'($)	#	,-./0,1,.-	203',45
#$%&'($)	#	,/	0(026	427)6.

          (3) 

The absolute frequencies were calculated for race/ethnicity and the interaction of 

biological sex and race/ethnicity. Absolute risk allows for comparisons to be made 

between subgroups in study, and also allow for comparisons to be made across studies 

(Losen et al., 2015).  
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Research Question #2: Differential Item Functioning (DIF) 

A unidimensional graded response model was fit to the entire sample before 

conducting DIF. This was done to determine discrimination and threshold parameters for 

the entire sample. The discrimination parameter describes how well an item differentiates 

between individuals with different levels of the underlying latent trait (Reeve & Fayer, 

2005). Each threshold parameter represents the point at which the individual is more 

likely endorse one category over another. There are k-1 threshold parameters, in which k 

is the number of response categories. Therefore, there were three threshold parameters for 

each item in the current study. Lastly, a test information curve was created to display the 

region of the latent trait continuum within which maximum measurement precision can 

be obtained.  

Differential item functioning (DIF) within IRT was used to evaluate if 

racial/ethnic groups and the interaction of race/ethnicity and biological sex demonstrated 

measurement invariance. DIF was conducted for each item on the SAEBRS-TRS EB 

subscale by comparing response patterns by race/ethnicity and the interaction of 

race/ethnicity and biological sex. Researchers have suggested that 500 responses are 

needed to responses to obtain stable parameters (Embreston & Reise, 2000; Reeves & 

Fayers, 2005; Revicki et al., 2014; Tsutakawa & Johnson, 1990). The standard errors may 

be too large to be considered stable with less than 500 responses. An inspection of the 

standard errors was done for groups with less than 500 responses to determine if they 

could be included in the current study.  

The groups that had less than 500 individuals were Asian students (n = 291), male 

students with multiple races (n = 324), female students with multiple races (n = 318), and 
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Native American students (n = 87). The standard errors for the discrimination parameters 

were, on average, eight times larger for these groups compared to the total sample’s 

standard errors (see Appendix A). This indicates that with additional students, the 

standard errors would become much smaller, and the current items cannot be considered 

stable for these groups in this study. Therefore, DIF analyses could not be conducted for 

Asian students as a whole, Native American students as a whole, and for both male and 

female students of multiple races and ethnicities. 

DIF compares how one group responds to that of a reference group. For the 

purposes of this study, all other students were used as the reference group, similar to 

calculation of risk ratios. When conducting DIF on the interaction of race/ethnicity and 

biological sex, only students from the same biological sex as the focal group were used as 

the reference group. For example, all White students were compared to all non-White 

students and Hispanic females were compared with all other non-Hispanic female 

students.  

A unidimensional method of DIF was used because only one scale of the 

SAEBRS-TRS was used (i.e., EB subscale). Kristjansson and colleagues (2005) describe 

and compared four methods for identifying DIF with ordered categorical data: (1) the 

Mantel, (2) the Mantel-Haenszel, (3) logistic discriminant function analysis, and (4) 

ordinal logistic regression. These methods produce a p-value associated with the 

probability of the item displaying DIF as the criterion for identifying items (Kristjansson 

et al., 2005). However, a p-value criterion does not provide information on the 

significance or meaning of DIF (Borsboom, 2006). In addition, items are likely to display 

DIF because of the large sample sizes required for running DIF (e.g., minimum of 500 
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individuals; Embretson & Reise, 2000; Reeves & Fayers, 2005; Reise & Yu, 1990; 

Revicki et al., 2014). Therefore, the current study used visual methods and effect size 

estimates when describing DIF. 

Effect Sizes 

Effect sizes were calculated as described in Meade (2010) and displayed with 

descriptive information as described by Kim and Yoon (2007) and Choi, Gibbons, and 

Crane (2011). Two effect sizes were calculated, one at the item level and one at the test 

level, that are comparable to Cohen’s (1988) d. The expected score standardized 

difference (ESSD; Meade, 2010) is an effect size at the item level and was calculated by 

computing the expected scores for the focal group using the parameters for both the focal 

group and reference group. Then, the differences in scores were divided by the pooled 

standard deviation. This is an item level effect size and compares the observed scores 

with the expected scores. The following equations were used to calculate the ESSD 

0112, =	 8#
9999>?38#9999>8
#:@0%#A((+%1

          (4) 

where 013333;< is the mean score for the focal group using the item parameters for the focal 

group and 013333;= is the mean expected score for the focal group using the item parameters 

for the reference group. The item pooled standard deviation was calculated with the 

following formula  

12>0.7?((6.- =	4
(A?3B)#:BC(4|>?)D	(A?3B)#:BC(4|>8)

E	×	A?3E
           (5) 

where NF is the sample size of the focal group. Therefore, the ESSD is provided in 

standard deviation units. The expected test score standardized difference (ETSSD; 
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Meade, 2010) is similar to the ESSD, except this effect size at the test level rather than 

item level. This was calculated with the following formula 

05112, =	 8G#
999999>?38G#999999>8
#:9%/0A((+%1

            (6) 

where 05133333;< is the mean test score for the focal group using the item parameters for the 

focal group and 05133333;= is the mean expected score for the focal group using the item 

parameters for the reference group. These effect size estimates and score differences were 

calculated within the mirt package (Chalmers, 2012) in R (R Core Team, 2018). Cohen’s 

(1988) d recommendations for small, medium, and large effect size values (.20, .50, and 

.80, respectively) were used to interpret these values. 

In addition, unstandardized differences in scores were calculated to indicate the 

expected difference in raw scores at the item level (i.e., signed item difference in the 

sample [SIDS]) and at the test level (i.e., signed test differences in the sample [STDS]). 

The SIDS can be understood as the average expected score difference for the focal group 

when using the item parameters for the focal and reference group (Meade, 2010). The 

SIDS allows for cancellation when items display non-uniform DIF. For example, if the 

DIF for the focal group has higher expected scores at lower latent trait levels, but lower 

expected scores at higher latent trait levels, then DIF can cancel each other out. The 

STDS is the sum of SIDS and can be understood as the average expected test score 

differences between the focal and reference group for individuals with the same latent 

trait level. Similar to the SIDS, the STDS allows for cancellation across items. For 

example, positive SIDS values cancelled out with negative SIDS scores. The SIDS and 

STDS values are interpretable through the original terms of the SAEBRS-TRS EB 

subscale. For example, a SIDS of 0.5 on item 1 for Hispanic students would mean that 
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Hispanic students would be expected to score 0.5 points higher compared to all non-

Hispanic students on item 1, when controlling for the latent variable. Likewise, a STDS 

of -2 for White students would mean that White students would be expected to score 2 

points less than all other non-White students on the EB subscale, when controlling for the 

latent variable. 

Next, five graphs were generated to visualize and complement the numeric effect 

sizes. Two graphs represent the test level and three at the item level. An expected total 

score graph displayed the expected score on the EB scale of the SAEBRS across the 

range of theta estimates for the focal group using the item parameters of the focal group 

and the focal group responses with the item parameters of the reference group. The test 

score differences were displayed in a separate graph, which displayed the differences 

between the test characteristic curves in the expected total score graph previously 

described. Positive values on this graph represent higher expected scores for the focal 

group compared to the reference group and negative values represent lower expected 

scores for the focal group compared to the reference group. This graph also displays 

where along the range of theta values DIF has the most impact, and is a visual 

representation of the STDS. 

The same graphs were also created at the item level. The expected score graph 

displays the expected score for the focal and reference group for each item across theta 

values. The expected score graph display two item response functions (IRF). Both IRFs 

use the focal groups item responses, but one graph uses the item parameters from the 

focal group and the other uses the item parameters from the reference group. An item 

score difference graph was created which displays the difference between the expected 
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item score curves. Positive values represent higher expected scores on the item for the 

focal group compared to the reference group and negative scores represent lower 

expected scores on the item for the focal group compared to the reference group. This 

graph displays where along the range of theta values DIF has the most impact for the item 

and is a visual representation of the SIDS. Lastly, the categorical response curve (CRC) 

shows the difference in probability of responding to each category between the focal 

group and reference group. This graph is a visual representation of the difference between 

the item parameters for the focal and reference groups (i.e., discrimination and threshold 

parameters). Overall, when describing the impact of DIF, raw score and effect size 

differences were used along with their visual representations. 

The same procedures were also done when the data were disaggregated by 

gender. This was done to determine if the interaction of race/ethnicity and gender had an 

effect on DIF. For example, DIF was analyzed between White male students and all other 

Non-White male students. Then, the effect sizes for White male students were compared 

with White female students. Differences in effect sizes would indicate an interaction 

between race/ethnicity and gender. 

Study 2: Question 4 

 The purpose of Study 2 was to determine if DIF on the EB subscale of the 

SAEBRS can be explained by underlying characteristics of how teachers perceive the test 

items (Zumbo, 2007). Specifically, the second study was conducted to determine if 

overall DIF could be predicted from an information processing theory (IPT) model of 

rating scale responses or by the perceptions of subjectivity of each item of the SAEBRS-

TRS EB subscale. The second study addressed the following research question: 
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4. How well can DIF on a SEB BBRS be predicted by examining how 

individuals complete rating scales or by the subjectivity within each item? 

The second study sampled teachers to examine the process they consider when 

completing the SAEBRS-TRS EB subscale items using IPT and their perceptions of the 

subjectivity of each item on the SAEBRS-TRS EB subscale. A separate set of teachers 

were sampled in study two from the group of teachers used in study one.  

The assumption of invariance in IRT, which states that item parameters are not 

dependent upon a particular population, allows for a separate sample of teachers to be 

used in study two (Reise et al., 2005). However, the assumption of invariance does not 

signify that the item parameters will be the same regardless of sample characteristics. The 

results of DIF identified in study one were calibrated from a large representative sample 

of students. The item specific statistical properties (i.e., discrimination and threshold 

parameters) are expected to hold with other similar samples. Therefore, a sample of 

teachers were recruited for study two that taught students with similar racial/ethnic and 

grade distribution as those used in study one. In addition, the teachers recruited in study 

two were already completing the SAEBRS-TRS as part of their school-based practice, 

separate from the current study procedures.  

Participants 

Participants included 48 teachers from Midwest schools that were already using 

the SAEBRS-TRS (see Table 2 for participant demographics). Eighty percent of the 

teachers were female and 20% were male. The teachers were 85% White, 4% Black, 6% 

Hispanic, 2% Asian, and 2% Native American. The teachers taught grades kindergarten 

through 12 with a mean grade level of 5.5 and standard deviation of 4.2. Ninety percent 
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of teachers taught general education students and 10% taught special education students. 

The average teacher respondent had been teaching for 12.2 years with a standard 

deviation of 8.3 years. 

Table 2 

Descriptive Statistics for the Teachers (n = 48) In Study 2 of Their Perceptions of the 

Emotional Behavior Subscale Items of the Social, Academic, Emotional Behavior Risk 

Scale. 

Variables Percentage 

Biological Sex  

Male 79.2% 

Female 20.8% 

Race/Ethnicity  

White 85.4% 

Black 4.2% 

Hispanic 6.3% 

Asian 2.1% 

Native American 2.1% 

Students Taught  

General Education 89.6% 

Special Education 10.4% 

Grade Taught M = 5.5 SD = 4.2 

Years Teaching  M = 12.2 SD = 8.3 
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Measure 

Based on an exhaustive search of the literature, to our knowledge no current 

measure has been created that evaluates how individuals respond to questions about their 

attitudes or perceptions about behaviors that children display. Therefore, a measure was 

created to evaluate how teachers complete the SAEBRS-TRS EB scale in order to better 

understand and describe DIF. A search of the literature resulted in multiple articles on 

information processing theory, with Tourangeau and Rasinski’s (1988) four-step process 

consistent across different models of information processing theory (Jobe, 2003). A 

measure using the four-step process of information processing theory proposed by 

Tourangeau and Rasinski (1988) was used to develop a measure to understand the 

decision making process teachers consider when completing BBRS. When creating a 

measure, research recommends that a content validation study be completed on a new 

measure before it is used (McKenzie, Wood, Kotecki, Vlark, & Brey, 1999; Rubio, Berg-

Weger, Tebb, Lee, & Rauch, 2003). 

Content Validation 

Content validity refers to the extent to which a measure captures the full breadth 

of the construct (e.g., information processing theory; McKenzie et al., 1999). Tourangeau 

and Rasinski (1988) describe the four-step process as (1) comprehension of the 

question/behavior, (2) memory of the behavior, (3) decision making of the frequency of 

the behavior, and (4) formulation of a response onto the provided response options. 

Questions were developed for each of the four steps. The questions were provided to 

doctoral level experts in the field of SEB assessment and feedback was provided on 

wording as well as development of additional questions. A content validation form was 
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created once the final list of questions for each step were finalized (See Appendix C). 

Five advanced level graduate students in a school psychology were recruited to complete 

the content validation study, with a minimum of three experts needed (Lynn, 1986).  

Each graduate student was provided the instructions to complete the content 

validation form, which included the purpose of the measure, the rating scale, and example 

ratings. A brief synopsis of the four-step information processing theory defined by 

Tourangeau and Rasinski (1988) was provided. Then, each graduate student was asked to 

indicate which question best represents the particular step, with 1 being the best 

representation of the step (see Appendix C for the final questions in the Item Response 

Questionnaire). Respondents marked each question until there were no more questions 

for that step. Rankings were collected, so that the best question could be identified for 

each step.  

Next, each graduate student marked how confident they were with their ranking, 

according to the following response options of Not Confident, Somewhat Confident, 

Mostly Confident, and Very Confident. Lastly, each graduate student marked how 

relevant the question was to the step, with response options of Not Relevant, Somewhat 

Relevant, Mostly Relevant, and Very Relevant. Respondents followed these steps for each 

of the four steps in information processing theory. At the very end, the graduate students 

were asked if any questions were missing from any step.  

Data were analyzed by calculating interrater agreement once all five graduate 

students completed the content validation form. First, rankings were evaluated by 

inspecting the mean ranking across raters for each item. The question with the lowest 

average score was determined to be the best representation of the step. Next, the 
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questions with the lowest ranking from each step was inspected for confidence and 

relevance scores. First, confidence ratings were dichotomized (e.g., Not Confident = 0, 

Somewhat Confident = 0, Mostly Confident = 1, and Very Confident = 1), as described in 

research (Rubio et al., 2003). Next, the ratings were summed and divided by five, the 

number of raters. Rankings were considered confident if they had a reliability score 

greater than .80 as recommended in research (Davis, 1992). The same process was 

completed for the relevance rating. This process was used to determine the four best 

questions, with each question representing one step in information processing theory 

proposed by Tourangeau and Rasinski (1988).  

The final four questions are displayed in Table 3, including overall ratings from 

content validators. The IRQ was used to measure teachers’ perceptions of how 

objectively they rated behaviors on the SAEBRS EB subscale. That is, if teachers were 

better able to recognize a behavior, used specific or discrete events of the behavior, used 

less estimation, and did not compare their ratings to previous behaviors, then they would 

be rating the particular behavior more objectively. As such, the third and fourth questions 

were reverse scored so that each item was measured on the same scale.  

Procedures 

Following approval from the Institutional Review Board, the researcher met with 

graduate students in school psychology to complete the content validation for the 

information processing measure, as described above. The lead author discussed the 

purpose of the IRQ and the intended use of the measure. After analyzing content 

validation ratings, pre-service teachers were solicited to provide feedback in a focus-
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group style session on their thoughts of the measure before recruiting teachers to 

complete the IRQ.  

Table 3 

Information Processing Theory questions for Teachers  

Question Ranking Confidence Relevance 

I can recognize this behavior when it is displayed. 1.0 1.0 1.0 

I use specific/discrete events of this behavior 

when rating this question. 

1.2 1.0 1.0 

I rate the frequency of this behavior based off an 

estimation of how often the student engages in 

the behavior. 

1.2 1.0 1.0 

I compare my previous ratings on other behaviors 

when rating this question 

1.4 1.0 1.0 

Note. Rankings range from 1 to 5 with 1 being the best item for that step, confidence and 

relevance range from 0 to 1 with 0 being not confident/relevant and 1 being 

confident/relevant. 

 

Teachers were recruited from schools that were heterogenous by race and 

ethnicity. That is, because this measure is focused on identifying DIF as a function of 

race and ethnicity, the teachers completing the IRQ came from a school with a diverse 

student population. Once the teachers completed a consent form indicating their 

willingness to participate in the study, individuals completed the IRQ via an online 

survey using the Qualtrics survey platform. Each participant was asked to read one item 

from the EB subscale followed by four items on the IRQ. Each participant then rated each 
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item on the SAEBRS-TRS EB subscale using the IRQ. Following the IRQ, the next page 

displayed the seven behaviors on the EB subscale of the SAEBRS-TRS. Teachers ranked 

the questions from one to seven in terms of their perceptions of the subjectivity of the 

question, with one being the most subjective. Rankings on this section of the measure 

were a forced choice. The IRQ and rankings of subjectivity of the behaviors were used to 

explain DIF effect sizes on each item.  

Analyses 

Before using the IRQ to predict DIF effect sizes, an analysis of the IRQ was 

conducted. A correlation table was created that compared each item with the total score 

of the IRQ in order to assess that the IRQ was a unidimensional measure. Once the 

unidimensionality of the IRQ was established, the scores were used to predict effect sizes 

of DIF (i.e., ESSD) that were computed in study one. 

The ESSD can be interpreted in the same manner as Cohen’s d (Meade, 2010). 

Therefore, positive and negative effect sizes can be produced. When combining effect 

sizes, research has suggested using weights proportional to the inverse of the variance in 

each study (Hedges 1982). The purpose of using proportional weights is to give more 

weight to studies with larger sample sizes because larger sample sizes should produce 

more precise effect sizes (Hedges, 1985). This method is typically used in meta analyses 

(Hedges & Vevea, 1998). The current study used a single sample of individuals, with 

each effect size produced from the same total sample. For example, White students were 

compared to all non-White students.  

In addition to the effect sizes being developed from the total sample, IRT has 

different assumptions that those used in CTT (Reise et al., 2005). The current study 
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established IRF for the EB scale of the SAEBRS that was disaggregated by race and 

ethnicity and by the interaction of race and ethnicity and biological sex. Once stable item 

parameters were established (e.g., the IRF is known by calibrating the items), the 

assumption of invariance is met. For example, the item parameters for Hispanic males 

and all other non-Hispanic male students are stable. Therefore, the effect size of DIF can 

be assumed to be stable once IRF are known for each group. Therefore, no weights were 

used when combining the effect sizes. 

The effect sizes were combined using the absolute median effect size. The median 

effect size was used rather than the mean for each effect size because the median is not 

influenced by outliers and there were only four effect sizes per item (i.e., each 

racial/ethnic group produces one effect size per item). In addition, the absolute value of 

each effect size was used because the current study is interested in explaining the impact 

of DIF, not the direction of DIF. 

The IRQ questions were used to predict the ESSD for each item separately using a 

micro-macro multilevel model (Bennick, Croon, & Vermunt, 2013; Croon & van 

Veldhoven, 2007). The micro-macro model is a multilevel model, in which the dependent 

variable Y was measured at the group level (i.e., group level effect sizes of each item 

based off ratings from teachers on the SAEBRS) and can be predicted by lower level 

variables (i.e., individual teacher perceptions of behaviors using IRQ) (Croon & van 

Veldhoven, 2007). This model is in contrast to typical hierarchical linear models in which 

the dependent variable Y is measured at the lower or individual level and is influenced by 

higher level or group level predictors. The micro-macro model was selected over a linear 

regression because the linear regression would result in biased regression parameters 
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(Croon & van Veldhoven, 2007). In addition, the micro-macro model has greater power 

for detecting individual-level predictor variables compared to a linear regression (Foster-

Johnson & Kromrey, 2018). The micro-macro model proposed by Croon and van 

Veldhoven (2007) uses a two-step approach that identifies the adjusted group means 

using multi-level modeling followed by an ordinary least square analysis (Foster-Johnson 

& Kromrey, 2018). The adjusted group mean can be calculated with the following 

formula: 

67& =	 81 −	;&<=H +	;&6?&     (6) 

Where 67& is a vector of adjusted group means, 6?& is a vector of the observed group 

means, =H  is the overall mean, and ;& is calculated with the following: 
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      (7) 

The adjusted group mean of the predictor variables were then regressed on the group 

level Y variable. The regression equation can be written as follows:   

@& =	AK +	67&L A +	B&     (8) 

Where @& is the group level outcome variable (i.e., median absolute effect size for each 

item), 67&L  is a vector of the adjust group mean for each question on the IRQ, and B& is the 

error term. This method was calculated in R using the lme4 package (Bates, Maechler, 

Bolker, & Walker, 2015). R2 values represent the amount of variance in effect size of DIF 

that can be explained by the IRQ. 

 Next, the subjective rankings of the SAEBRS EB scale from each teacher was 

used to explain the rank order of DIF effect sizes. DIF as measured by the ESSD was 
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ranked from least to most DIF. A Kendall’s tau was used to correlate absolute median 

effect size with teachers’ rank ordering of subjectivity. 
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CHAPTER IV: RESULTS  

 Chapter 4 discusses the results of the research. The results are organized 

according to Study 1 (Research Questions 1 and 2) and Study 2 (Research Questions 3 

and 4).  

Study 1 

 Study 1 was conducted to determine overall disproportionality in risk 

identification on the EB scale of the SAEBRS-TRS. In addition, the study used DIF 

within IRT to identify the items that contributed to the disproportionality in risk 

identification.  

Question 1 – Absolute Risk and Risk Ratios 

Overall, 32.1% of the total sample was identified as at-risk on the EB scale of the 

SAEBRS. Absolute risk of individuals identified by race and ethnicity and the interaction 

of race and ethnicity and biological sex varied by group (Table 4). Black students and 

Native-American students had risk ratios greater than 1, indicating higher identification 

for emotional risk on the SAEBRS compared to their proportion in the sample. Asian 

students, Hispanic students, students with multiple races/ethnicities, and White students 

had risk ratios less than 1, meaning they were less likely to be identified with emotional 

risk on the SAEBRS compared to their proportion in the sample. The same risk trend was 

observed when disaggregated by biological sex; however, absolute risk was higher for 

males and lower for females.  
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Table 4 

Absolute Risk and Risk Ratios by Race and Ethnicity and the Interaction of Biological 

Sex and Race and Ethnicity Race/Ethnicity 

 All Female Male 

 AR RR AR RR AR RR 

Asian 19.93% 0.63 19.44% 0.62 20.42% 0.65 

Black 46.81% 1.82 39.95% 1.33 53.14% 1.90 

Hispanic 26.16% 0.82 22.92% 0.72 29.28% 0.93 

Multiple 30.19% 0.96 26.42% 0.84 33.33% 1.06 

Native American  48.28% 1.54 44.19% 1.41 52.27% 1.67 

White 25.18% 0.65 22.06% 0.64 28.00% 0.86 

Total 31.4%  27.2%  35.2%  

Note. AR = absolute risk. RR = risk ratio, all other individuals not in the focal group are 

used as the reference group for risk ratios.   

Question 2 – Differential Item Functioning 

 A graded response model was fit to the entire sample of students before 

conducting the DIF analyses. The discrimination and difficulty thresholds are displayed 

in Table 5. The discrimination parameters for all items were large, and mostly within the 

range of good discrimination (i.e., 0.8 to 2.5; de Ayala, 2008). Only the item measuring 

sadness had a discrimination parameter outside the range at 2.97. Second, all but one 

difficulty threshold was in the negative range. These results suggest the measure may 

provide more information for individuals with lower emotional behavior functioning 
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compared to individuals with average or above average functioning. This can be seen in 

the information plot displayed in Figure 4.  

Table 5 

Discrimination and Threshold Parameters for the Total Sample (N = 11,524) 

 SAEBRS-TRS Emotional Behavior subscale 

  Difficulty Thresholds 

Item Discrimination 0 – 1 1 – 2 2 – 3 

Adaptability 1.91 

(.04) 

-2.43 

(.04) 

-1.01 

(.02) 

0.01 

(.02) 

Difficulty rebounding from setbacks 2.06 

(.04) 

-2.24 

(.04) 

-1.51 

(.03) 

-0.36 

(.02) 

Nervousness 2.38 

(.07) 

-3.45 

(.09) 

-2.40 

(.04) 

-1.17 

(.02) 

Positive attitude 2.10 

(.05) 

-2.93 

(.06) 

-1.25 

(.02) 

-0.08 

(.02) 

Sadness  2.97 

(.08) 

-2.91 

(.06) 

-2.01 

(.03) 

-0.70 

(.02) 

Withdrawal 2.47 

(.06) 

-2.68 

(.05) 

-1.85 

(.03) 

-0.63 

(.02) 

Worry 1.85 

(.04) 

-3.26 

(.07) 

-2.12 

(.04) 

-0.44 

(.02) 

Note. SAEBRS-TRS = Social, Academic, & Emotional Behavior Risk Screener Teachers 

Rating Scale. Standard errors are displayed in parentheses.  
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Figure 4 

Test Information Plot for the Entire Sample of the Social, Academic, & Emotional 

Behavior Risk Screener Teachers Rating Scale Emotional Behavior Subscale.  

 

Next, a series of DIF analyses were conducted on the different groups of 

individuals to identify the impact of DIF across race/ethnicity and the interaction of 

race/ethnicity and biological sex. For these analyses all other students of the same 

biological sex were used as the reference group.  

DIF. DIF was smallest for students with multiple races and ethnicities and largest 

for Black students (Table 6). For students with multiple races and ethnicities, the impact 

of DIF was small to negligible with ESSD ranging from 0.00 to 0.18. A visual analysis of 

the impact of DIF for students with multiple races and ethnicities for item 1, Adaptability, 

can be seen in Figure 5. The graph shows that the two item response functions are 
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overlapping, indicating less DIF (Figure 5.A). The graphs for the other items are similar 

to item one’s graph and are displayed in Appendix D. Using Cohen’s d recommendations 

(1989), all effect sizes were less than the criterion for a small effect (i.e., d = 0.20).   
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Figure 5 

Graphs Displaying the Expected Score Difference and Categorical Response Curve 

between the Focal Group (i.e., Students with Multiple Races and Ethnicities) and the 

Reference Group (i.e., all other students) on Item One ‘Adaptability’ 

 

Note. Graph A displays the item characteristic curve across the range of theta values. 

Graph B displays the difference between the test characteristic curves in graph A. 

Positive values in graph B represent higher estimated scores for students with multiple 

races and ethnicities. Graph B also indicates where along the theta range the expected 

score difference on item one is largest. Graph C displays the categorical response curve 

for the two groups. This graph plots the probability of responding to category k across 

theta values. 
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Table 6 

Score and Effect Size Indices for Differential Item Functioning Comparing Each Subgroup with All Other Students 

 Black 

n = 3,072  

Hispanic 

n = 1,273  

Multiple 

n = 646 

White 

n = 6155 

Item SIDS ESSD SIDS ESSD SIDS ESSD SIDS ESSD 

Adaptability -0.45 -0.82 0.04 0.07 0.05 0.09 0.29 0.53 

Difficulty rebounding from setbacks -0.39 -0.75 0.12 0.25 0.02 0.04 0.21 0.40 

Nervousness -0.05 -0.18 -0.01 -0.05 0.03 0.10 0.04 0.14 

Positive Attitude -0.43 -0.87 0.07 0.14 0.00 0.00 0.28 0.54 

Sadness -0.14 -0.35 0.03 0.09 -0.03 -0.07 0.09 0.21 

Withdrawal -0.19 -0.44 0.02 0.05 0.01 0.02 0.12 0.28 

Worry -0.04 -0.11 0.05 0.13 0.07 0.18 0.00 -0.01 

STDS -1.68  0.33  0.14  1.03  

ETSSD  -0.56  0.11  0.05  0.33 

Note. SIDS = signed item difference in the sample. The average difference in expected scores on that item compared to all other 

students. ESSD = expected score standardized difference. Cohen’s d for expected score differences. STDS = signed test differences in 

the sample. The sum of SIDS across items. ETSSD = expected test score standardized difference. Cohen’s d for expected test score 

differences. Negative numbers indicate lower scores, which indicates higher risk.
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The effect sizes for Black students varied more compared to other student groups, 

with ESSDs ranging from -0.11 to -0.87, which corresponds to small to large effect sizes. 

Black students were the only group that had large effect sizes. Positive attitude, 

Adaptability, and Difficulty rebounding from setbacks had ESSDs of -0.87, -0.82, and -

0.75. A visual analysis of item four, Positive attitude, displaying a large effect size is 

displayed in Figure 6. On this item, Black students were expected to score 0.43 raw score 

points lower (SIDS for Black students on Positive attitude in Table 6) compared to all 

other students. The difference between item response function curves (Figure 6A) can 

help in interpreting the meaning of these effect sizes. For example, on Positive attitude, 

Black students have to have an emotional behavior latent trait of 0.95 standard deviations 

above the mean to obtain the same expected score as all other students with an expected 

emotional behavior latent trait at the mean. Graph B in Figure 6 shows that the impact of 

DIF is largest for individuals with estimated theta values of emotional behavior between 

2 and 1.  
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Figure 6 

Graphs Displaying the Expected Score Difference and Categorical Response Curve 

Between Black Students and All Other Students on Item 4, Positive Attitude.  

 

 

Effect sizes for White students ranged from medium to negligible. Effect sizes for 

Hispanic students were relatively small, with only one item having an effect size above 

the criterion of small (i.e., Difficulty rebounding from setbacks d = 0.25). Black students 

were the only group that had negative effect sizes for each item. Hispanic, White, and 

students with multiple races and ethnicities all only had one item with a negative effect 

size. For each of these groups, the negative effect size occurred on different items, but all 
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of the negative effect sizes were negligible (i.e., d was smaller than -0.03 for all the 

groups). 

The effects of DIF resulted in negligible to small effects at the test level for 

students with multiple races and ethnicities and Hispanic students (d = 0.05 and 0.11, 

respectively). Test level differential functioning was moderate for Black and White 

students (d = -0.56 and 0.33, respectively). Black students were the only group that had a 

negative test level effect size. A visual representation at the test level effect size for 

moderate effects is displayed in Figure 7. This figure compares White students to all 

other students and their expected test score difference. All other test level graphs are 

displayed in Appendix D.  

Figure 7 

Graphs Displaying the Difference in Expected Test Scores Between White Students and 

All Other Students 
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Note. Graph A displays the test characteristic curve across the range of theta values for 

the focal group (i.e., White students) and the reference group (i.e., all other students). 

Graph B displays the difference between the test characteristic curves in graph A. 

Positive values in graph B represent higher estimated scores for White students compared 

to all other students, which relates to lower risk.   Graph B also indicates where along the 

theta range the differences in expected test scores is largest. For White students, the test 

score differences are largest between the theta ranges of -2 to 0. 

Interaction of Race/Ethnicity and Gender 

A series of DIF analyses were also conducted for each racial and ethnic group 

disaggregated by biological sex to examine if effect sizes of DIF differed by biological 

sex. In general, effect sizes were larger for males compared to females (Table 7). For 

each racial and ethnic group, the difference in effect sizes between males and females on 

each item ranged from 0.19 on Nervousness for Black students to 0.0 on Positive attitude 

for White students. On average the effect size of DIF differed by 0.08 between males and 

females. Only Worry for females changed from being a slightly negative effect size in the 

total sample to a positive effect size; however, both effect sizes were negligible. In 

general, the effect size for DIF by race and ethnicity when disaggregated by biological 

sex did not change the criterion of interpretation of effect size. For example, Adaptability 

had large effect sizes for Black males and females, negligible effect size for Hispanic 

males and females, and medium effect sizes for White males and females. 
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Table 7 

Effect Score Standardized Difference for Males and Females by Race and Ethnicity 

 Black Hispanic White 

 

Item 

Male 

ESSD 

Female 

ESSD 

Male 

ESSD 

Female 

ESSD 

Male 

ESSD 

Female 

ESSD 

Adaptability -0.92 -0.76 0.11 0.02 0.55 0.53 

Difficulty rebounding from setbacks -0.83 -0.70 0.23 0.27 0.45 0.37 

Nervousness -0.27 -0.08 -0.04 -0.05 0.22 0.05 

Positive Attitude -0.91 -0.85 0.17 0.06 0.55 0.55 

Sadness -0.40 -0.28 0.11 0.06 0.24 0.18 

Withdrawal -0.47 -0.40 0.06 0.04 0.31 0.25 

Worry -0.15 -0.07 0.09 0.17 0.06 -0.08 

ETSSD -0.62 -0.50 0.12 0.09 0.37 0..29 

Note. ESSD = expected score standardized difference. ETSSD = expected test score 

standardized difference. 

Question 3 – Trends in DIF  

Overall, effect sizes of DIF were larger for males than females at the test level and 

item level. However, the trends in the effect sizes were similar for the total sample and 

when disaggregated by biological sex. There were two categories of effect sizes for DIF. 

The first group included three items, which had absolute median effect sizes above 0.31 

(i.e., Adaptability, Difficulty rebounding from setbacks, and Positive attitude; Table 8) 

and the second category had absolute median effect sizes below 0.20 (i.e., Nervousness, 

Sadness, Withdrawal, and Worry). The first group (i.e., median effect sizes above 0.31), 
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included the only two positively worded items and the second group (i.e., median effect 

sizes below 0.20), included only negatively worded items.  

Table 8 

Absolute Median Expected Test Score Standardized Difference Effect Sizes Across 

Race/Ethnicity for Each Item on the EB Subscale of the Social, Academic, Behavioral 

Risk Screener 

 

Item 

Absolute Median 

Effect Size 

Adaptability 0.31 

Difficulty rebounding from setbacks 0.33 

Nervousness 0.12 

Positive attitude 0.34 

Sadness  0.15 

Withdrawal 0.17 

Worry 0.12 

 

Results Study 2 

 Study two was conducted with a separate set of teachers to provide additional 

context as to why DIF could occur on the EB scale of the SAEBRS using teacher 

perceptions of student behaviors. A micro-macro multilevel model (Croon & van 

Veldhoven, 2007) was fit to determine if the process that teachers’ consider when 

completing a rating scale, as defined through information processing theory (IPT; 

Tourangeau & Rasinski, 1988), could be used to predict the DIF effect sizes found in 
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study one. This multilevel model was used because it describes a method for explaining 

group level outcomes with individual level predictors. In the first step, the adjusted group 

means were calculated in a multilevel model (Table 9). Adjusted group mean question 

one of the IRQ indicated that teachers ‘Somewhat disagree’ with being able to recognize 

the behavior in the classroom for five out of the seven behaviors (i.e., adjusted group 

means below 3). The results of the IRQ on question three indicated that teachers use an 

estimation methods when rating frequency of a behaviors on all items of the SAEBRS EB 

subscale except for Adaptability. The adjusted group means of question four of the IRQ 

indicated that teachers tended to compare their ratings on other questions before 

providing a response on all behaviors of the SAEBRS EB subscale.  

Next, the adjusted group means from each question of the IRQ were used in an 

OLS regression to predict the group level median effect sizes for each question. The IRQ 

did not significantly predict median DIF effect sizes on the EB subscale of the SAEBRS, 

R2
 = 0.64, F(4, 2) = 3.662, p = 0.23 (Table 10). In addition, none of the individual 

predictors were significant.  
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Table 9 

Adjusted Group Means for the Social, Emotional, Academic Behavior Risk Screener 

Emotional Behavior Subscale on Each Question of the Item Response Questionnaire 

(IRQ) 

 IRQ Question 

Item Q1 Q2 Q3 Q4 

Adaptability 2.86 3.00 2.94 2.23 

Difficulty rebounding from setbacks 3.05 3.13 2.88 2.22 

Nervousness 2.41 2.89 2.78 2.14 

Positive attitude 3.69 3.28 3.16 2.29 

Sadness  2.99 3.02 2.93 2.05 

Withdrawal 2.88 2.97 2.84 2.14 

Worry 2.29 2.77 2.86 2.13 

 

Table 10 

Results of Ordinary Least Squares Regression Using Adjusted Group Means (n = 7) 

Predictor β SE t p value 

Intercept -2.34 2.41 -0.97 0.43 

Question 1 -0.03 0.41 -0.09 0.94 

Question 2 0.39 0.97 0.40 0.73 

Question 3 -0.02 0.60 -0.03 0.98 

Question 4 0.71 0.54 1.31 0.32 

R2 
0.64   0.23 
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A Kendall’s tau correlation was conducted to determine if rankings of teachers’ 

perceptions of EB subscale item subjectivity were correlated with the rank ordering of 

DIF effect sizes. The hypothesis that rank ordering of perceptions of subjectivity would 

be positively correlated with rank ordering of effect sizes was not confirmed in this study 

(t! = -.15; p < .05). Teachers perceived items that displayed larger DIF effect sizes as 

less subjective and items that displayed smaller DIF effect sizes as more subjective. 
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CHAPTER V: DISCUSSION 

 The current study was conducted to examine the measure properties of the 

SAEBRS EB subscale, including disproportionality between racial/ethnic groups 

according to teacher ratings of student behaviors and the interaction of race/ethnicity and 

biological sex on these ratings. Disproportionality was investigated in three stages: (1) 

identifying the proportion of risk status by racial/ethnic group based off the raw scores, 

(2) examining item level measurement invariance between racial/ethnic groups when 

controlling for the latent variable, and (3) explaining DIF on the EB subscale items by 

examining the process teachers go through when rating behaviors and through teachers’ 

perceptions of subjectivity.  

Risk and Measure Properties 

Overall, the SAEBRS EB subscale identified 31.2% of students as at-risk, which 

is greater than the 20-25% in multitiered systems of support models (Severson et al., 

2007). Universal SEB screening is typically used within a school’s multitiered system of 

support, and one piece in identifying students that would benefit from universal, at-risk, 

or indicated interventions. With over 30% of individuals identified as at-risk in the 

current study, schools are unlikely to have the resources to provide Tier 2 or Tier 3 

supports to all students identified (Kilgus & Eklund, 2016). In addition, risk identification 

by race/ethnicity largely supported previous research that Black and Native American 

student had the highest risk ratios and White and Asian students had the lowest risk ratios 

(Ready & Wright, 2011; Redding, 2019; Tenenbaum & Ruck, 2007). Schools may vary 

greatly in their racially and ethnic makeup, which will likely result different number of 



DIF ON THE SAEBRS  89 

students identified as at-risk. This will exacerbate the load on some schools and the 

ability to provide services to students that are identified.  

A unidimensional graded response model was also fit to the total sample to 

examine the functioning of the EB subscale. All of the items demonstrated good 

sensitivity to changes in emotional behavior, with discrimination parameters between 

1.85 and 2.97. The discrimination parameter indicated that the questions and response 

options provide a lot of information at the threshold values, or the point at which an 

individual is more likely to respond to k versus k – 1. The threshold values or difficulty 

parameters, which were on a z-score scale with a mean of zero and standard deviation of 

one, were all negative, which indicated that the EB subscale of the SAEBRS was better 

able to differentiate between students with estimated latent traits below theta values of 0. 

Taken together, the negative threshold parameters and high discrimination parameters 

indicated that the SAEBRS provided better information for individuals below estimated 

theta values of 0. The information function indicated the EB subscale provided the most 

information for individuals below an estimated theta value of 0, which is appropriate for 

a risk screener because most students will not be at-risk, and therefore, information is not 

needed for students in the average to above average range. Rather, information is needed 

to differentiate between not at-risk and at-risk individuals. From an interpretation and use 

argument (Kane, 2013), the current study supports previous research indicating the 

SAEBRS is best used for universal screening purposes as it includes items that can 

distinguish between those individuals with and without risk (Kilgus et al., 2015).  
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Differential Item Functioning 

 Measurement invariance was examined between the response patterns of racial 

and ethnic groups through effect sizes of DIF developed by Meade (2010). The 

measurement invariance method was preferred over likelihood ratio methods because 

significant DIF may be the results of large sample sizes that were required to conduct the 

analysis, and p-values associated with DIF did not inform about the size or significance 

of DIF. Two effect sizes were used at the item level and two effect sizes were used at the 

test level.  

The current study partially supported previous research documenting differences 

in teacher perceptions on internalizing behavior problems based off race and ethnicity 

(Lambert et al., 2018). Lambert and colleagues (2018) found the effect sizes of DIF were 

negligible to small by race and ethnicity; however, the current study found that effect 

sizes were medium to large for Black and White students. Specifically, Black students 

were the only racial or ethnic group that had negative effect sizes for all items, and were 

the only group that had large effect sizes for some items (i.e., Adaptability, Difficulty 

rebounding from setbacks, and Positive attitude had ESSD effect sizes of -0.82, -0.75, 

and -0.87 respectively). These items were also the largest positive effect sizes for White 

students, with ESSD effect sizes ranging from 0.40 to 0.53. It may be that difference 

were found between the studies because the current study included students from a wider 

range of grades. The current study included students from kindergarten through twelfth 

grades, whereas the Lambert and colleagues (2018) study only used first grade students.  

The effect sizes on all of the items were small to negligible for Hispanic students 

and students with multiple races or ethnicities. In the current study, all other students not 
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in the focal group were in the reference group. Therefore, the reference group included 

the negative response pattern for Black students and the positive response pattern for 

White students when doing the DIF analyses for Hispanic students and students with 

multiple races and ethnicities. This may explain the small effect sizes found with 

Hispanic students and students with multiple races and ethnicities.  

Only the effect sizes for Black and White students were greater than the criterion 

for a small effect size (i.e., > .20). Negative implicit biases toward Black students and 

positive implicit biases toward White students have been shown in previous research 

(Downey & Pribish, 2004; McGrady & Reynolds, 2013). Implicit bias may impact the 

behavioral expectations teachers have based on the race of the student, which influences 

how they rate their students. For example, research has found that preservice teachers 

rated the description of a Black student as more likely to engage in problem behaviors 

and for the behaviors to remain stable over time (Kunesh & Noltemeyer, 2019). 

However, other research has found that teachers do not differ in their perceptions of 

positive and negative traits between Black and White students when teachers were 

explicitly asked to rate the percentage of students that display specific traits by the race of 

the student (Chang & Demyen, 2007; Chang & Sue, 2003). It may be that when explicitly 

asked to rate students based on student race, there are little differences in perceptions by 

race (i.e., participant bias), but when race is masked (e.g., through the use of a 

stereotypical racial name) or when bias has to be examined at the group level (i.e., the 

current study), then implicit bias becomes more apparent. The current study examined 

measurement invariance through DIF by analyzing the response patterns of thousands of 

students that were universally screened. At the individual level, a lower rating on the EB 
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subscale items cannot be distinguished from the student’s actual emotional behavior 

latent trait. However, when examining different races and ethnicities across the entire 

sample, measurement invariance through DIF can be detected. 

Item and Scale Functioning by Biological Sex 

The current study supports previous research that greater number of males were 

rated at risk on the EB subscale of the SAEBRS (Dever, Raines, Dowdy, & Hostulter, 

2016; Young et al., 2010). In the current study, 35.2% of males were identified as at-risk 

for emotional behavior problems, compared to 27.2% of females. Research has found 

greater internalizing behavior risk on universal risk screening measures (Young et al., 

2010), even though females have higher rates of diagnoses of internalizing problems 

starting in adolescence (e.g., depression and anxiety; Bor et al., 2014; Perou et al., 2013). 

The results of DIF based on biological sex indicated that for the majority of DIF analyses, 

the effect sizes were slightly larger for males. Specifically, the intersectionality of being 

Black and male resulted in greater DIF effect sizes. The large percentage of Black males 

that were identified as at-risk in this study (i.e., 53.14%) was impacted by the three items 

large DIF effect sizes (i.e., Adaptability, Difficulty rebounding from setbacks, and 

Positive Attitude). When combined, these three items result in an excepted raw score of 

1.43 points less for Black students compared to all other students. On the SAEBRS EB 

subscale, students are identified as at-risk if they score between 0 and 17 points and not 

at-risk if they score between 18 and 21.   

Greater DIF effect sizes for males compared to females may be related to multiple 

factors. The larger effect sizes for males compared to females could be related to the 

student-teacher relationship, behavior expectations, implicit bias toward male students, or 
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different behavior topography (Downey & Pribish, 2004; Hamre, Pianta, Downer, & 

Mashburn, 2008; Kunesh & Noltemeyer, 2019; O’Connor, Dearing, & Collins, 2010; 

Townsend, 2000). Nonetheless, DIF between different races and ethnicities and the 

interaction of race and ethnicity with gender has implications for placement decisions 

when using the SAEBRS EB subscale. Each student is identified as at-risk or not at-risk 

with the same cut scores.; however, the current study indicated that a student’s score is 

influenced by group membership. The current study was not able to analyze sensitivity or 

specificity because there was no criterion measure; however, false positives and false 

negatives rates are likely influenced by DIF. For example, the average Black student is 

expected to score 1.68 raw score points lower (i.e., lower score is indicative of higher 

risk) compared to all other students on the EB subscale, when controlling for emotional 

behavior. Some Black students may be identified as at-risk due to DIF of the EB 

subscale. As a result, some researchers have suggested using multiple gating procedures, 

which may improve the quality for referrals (Severson et al., 2007). 

Trends in DIF 

Overall, positively worded items had the largest median effect and negatively 

worded items had smaller median effect sizes across racial/ethnic groups. Previous 

research has shown that teachers have more difficulty identifying internalizing behaviors 

in students (Herman et al., 2018). The current study indicated that although teachers may 

have had more difficulty identifying internalizing behaviors in their students, they were 

more consistent in applying the same criterion for negatively worded items (e.g., sadness 

and nervousness) across race and ethnicity, which contrasted with teachers’ perceptions 
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of the subjectivity of each item on the EB subscale of the SAEBRS. Teachers ranked 

negatively worded items as more subjective than positively worded items.  

Explaining DIF 

 The IRQ questionnaire was created to explain the DIF effect sizes on the EB 

subscale of the SAEBRS. The null finding was likely due to the limited power of the 

micro-macro multilevel model in this study. However, the Kendall’s tau correlation was 

significant. It was hypothesized that items that were perceived to be more subjective by 

teachers would display larger DIF by race/ethnicity. This hypothesis was not supported, 

and perceptions of item subjectivity was negatively correlated with the rank ordering of 

DIF. The items that teachers perceived as more subjective displayed smaller DIF and the 

items that teachers perceived as less subjective displayed larger DIF. It is unclear if this 

result is due to positively versus negatively worded items or some other underlying factor 

of the items. The DIF analyses indicated that teachers rated students differently on the EB 

subscale of the SAEBRS, and the Kendall’s tau indicated that teachers’ perception of 

item subjectivity did not align with ratings of students across race and ethnicity. The 

current study also supports the use of measurement invariance studies to examine item 

function across subgroups because perceptions of good versus bad items may not be 

supported through empirical analysis of the items.  

Implications for Practice 

 The current study has implications for practice when using SEB universal 

screening tools. First, the current study revealed measurement invariance across race and 

ethnicity with the EB subscale of the SAEBRS, specifically for Black and White 

students. Practitioners should examine their screening data to determine if 
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disproportionality across race and ethnicity in SEB risk identification is due to more 

problem behaviors or another factor associated with how the individual is rated on the 

measure. Problem-solving teams may evaluate the data through an ecological systems 

theory lens. At the individual level, teams may wish to evaluate individual student 

behaviors, how those behaviors are displayed in the context of the classroom/school, and 

any factors in the home or community that may be impacting disproportionate ratings. 

For example, behavior topography and behavioral expectations differ across races and 

ethnicities (Townsend, 2000). The problem-solving team should consider if cultural 

mismatches between students and teachers result in students are being rated differently 

because of behavior topography or behavior risk.  

Schools and school districts may not be able to run the analyses in the current 

study, but they should consider calculating risk and risk ratios for racial and ethnic 

groups to determine if disproportionality exists with their own population. Local efforts 

may be warranted at the school or district level to increase rater accuracy (e.g., corrective 

feedback and teacher trainings) or consider using multiple gating procedures that may 

reduce false positive and false negative rates. Alternatively, districts or schools may wish 

to share data from risk and risk ratios with teachers in order to alert them of 

disproportionality that might exist in SEB ratings. Research has found that people that are 

internally motivated to act in a non-biased manner consider aspects of implicit bias after 

shown results of previously biased behavior (Fehr & Sassenberg, 2010; Fehr, Sassenberg, 

& Jonas, 2012). This method might be particularly beneficial for universal screening with 

BBRS in schools when screening is conducted multiple times per year. For example, a 

district using the SAEBRS for universal screening may indicate district-wide 
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disproportionality in SEB risk by race and ethnicity in the fall. Prior to winter screening 

administration, participants can view fall data demonstrating disproportionate 

identification of minority students. According to the aforementioned hypothesis, teachers 

that are internally motivated to act with less bias may change their ratings of student 

behaviors. In this manner, no individual school or teacher is targeted as demonstrating 

biased ratings, given that district-wide data was shared. That is, at the student level 

implicit bias cannot be distinguished from actual behavioral problems. However, at the 

district or group level, it may be expected that behavior would be distributed closer to 

equal proportionality. In this manner, it may not be practical for districts to expect equal 

distribution of SEB risk across race and ethnicity. Instead, schools should be encouraged 

to monitor data at the classroom and school level to make informed decisions regarding 

disproportionate ratings of student behaviors. 

Limitations 

There are several limitations in the current study that need to be addressed and are 

organized by study. First, a unidimensional graded response model was used to examine 

DIF. However, the full SAEBRS uses a bifactor structure, which would indicate the use 

of a multidimensional model. Second, research has indicated that teachers are the greatest 

source of variability in universal BBRS (Tanner et al., 2018). Each teacher rated multiple 

student in their class. A multilevel model would control for the nested structure of 

responding, however the current study did not have access to teacher information. In 

addition, although the study calibration included over 11,000 students, it is possible that 

these students do not reflect national student demographics. For example, the sample 

demographics included a larger percentage of Black and White students, a smaller 



DIF ON THE SAEBRS  97 

percentage of Hispanic students, and a smaller percentage of students in special education 

compared to the national average in 2016 (Snyder, de Brey, & Dillow, 2019). The smaller 

proportion of students in special education sampled may be due to their exclusion from 

universal screening practices, as many of these students may already have existing SEB 

data available for school use. 

Study two assumed that discrimination and threshold parameters were stable after 

calibrating the items in study one. Therefore, a separate sample of teachers were surveyed 

on their perceptions of subjectivity of items. The independent sample of teachers may 

have differed in their perceptions from the teachers that completed the SAEBRS EB 

subscale was a third limitation. The current study attempted to control for this by 

sampling teachings that were already using the SAEBRS as part of their practice. Fourth, 

teachers may have different perceptions of subjectivity of items based off the student’s 

race/ethnicity. The current study attempted to understand a total measurement invariance 

effect size across race and ethnicity. This may not have been the optimal analytic 

approach to understand DIF on the EB subscale of the SAEBRS. Student behaviors can 

be displayed differently across races and ethnicities (Townsend, 2000), which may 

impact how teachers rate and perceive the behaviors. Rather than computing a single 

overall effect size for each item, conducting analyses using the effect sizes for each 

students’ race and ethnicity may provide more unique and beneficial data.  

Fifth, information processing theory (IPT) did not significantly predict the 

absolute median effect sizes on the EB subscale. The current study utilized a micro-

macro multilevel model (Croon & van Veldhoven, 2007). Simulation studies with this 

method have indicated that analyses required at least 100 groups to obtain adequate 
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power (i.e., power = .80; Foster-Johnson & Kromrey, 2018). In the current study, the 

group size was limited by the number of items on the EB subscale of the SAEBRS (i.e., n 

= 7) because this was the number of median DIF effect sizes that were calculated. Future 

researchers may want to consider using measures that are longer. Alternatively, 

researchers may want to analyze the effect sizes for each race and ethnicity separately, 

rather than combined like in the current study. Analyzing the effect sizes separately for 

each race and ethnicity would create a larger sample size, therefore increasing power.  

Lastly, the current study created a measure to evaluate the processes that raters 

consider when completing the EB subscale of the SAEBRS, using four steps as outlined 

by Tourangeau and Rasinski (1988). Other models of IPT include additional steps raters 

may consider when completing rating scales (Jobe, 2003), and such models may also 

provide different data (e.g., frequencies) than what was collected in the current study. 

Similar to how teachers may have different perceptions of subjectivity of items by 

race/ethnicity, teachers may go through different processes when rating items according 

to the race and/or ethnicity of the student. 

Future Directions 

 There are several future directions for research that would extend the results of 

the current study. First, the current study was only conducted using the EB subscale of 

the SAEBRS. Future research could examine measurement invariance using the full 

SAEBRS scale. In addition, future studies could utilize a multilevel and multidimension 

IRT framework, in order to align with the bifactor structure of the SAEBRS. The current 

study attempted to understand why items were displaying DIF; however, additional 

explanatory IRT models could be used to better understand measurement invariance (De 
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Boeck & Wilson, 2004). In explanatory IRT models, the goal is to relate items on the test 

to variables related to the rater/examinee or aspects of the item. This model is useful 

when there are repeated measurement occasions or the testing situation is manipulated 

(De Boeck & Wilson, 2004). Future research should examine if aspects of items change 

DIF. For example, in the current study positively worded items displayed the greatest 

DIF. In future studies, items could be written with the opposite wording to determine if 

DIF was a function of positive versus negatively worded items (e.g., changing ‘Difficulty 

rebounding from setbacks’ to ‘Easily rebounds from setbacks’). This may help provide 

greater clarity regarding when and how particular items may demonstrate DIF. 

 The current study used all other students not in the focal group for the reference 

group during DIF analyses (i.e., comparing White students to all other students in the 

sample). This was done so that DIF could be conducted on all racial/ethnic groups with 

large enough sample sizes and because White students should not set the criteria for 

comparison. In the current study, this meant that when Hispanic students and students 

with multiple races and ethnicities were the focal group, the reference group contained 

the negative response patterns for Black students and the positive response pattern for 

White students. This may have resulted in small DIF effect sizes for Hispanic students 

and students with multiple races and ethnicities. Future research may also wish to 

compare each racial/ethnic group to each other (e.g., White vs Black students or Hispanic 

vs. Asian students) in order to more fully understand how teachers’ perceive and rate 

student behaviors between students from different race and/or ethnicity.   

Lastly, future research should examine measurement invariance on a variety of 

other behavior rating scales to examine if results are consistent across measures. 
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Analyses could also be conducted on different scales with more questions to utilize the 

micro-macro multilevel model. Using scales with more questions (i.e., rating scales with 

more than 100 questions) would provide enough power for IPT to detect significance if it 

were to exist. However, this method may not be the most appropriate because of the 

number of questions that would need to be completed. For example, a 100-item scale 

would require teachers to rate four items from the IRQ on each of the 100 items, for a 

total of 400 responses.  

Conclusion 

This study provided additional evidence of the importance of conducting 

measurement invariance studies on BBRS. The results demonstrated teachers rate 

students differently across race and ethnicity, thus impacting the number of students 

identified as at-risk on the EB subscale of the SAEBRS. Specifically, larger effect sizes 

were identified with positively worded items compared to negatively worded items. In 

addition, measurement invariance effect sizes were larger for some groups compared to 

others. The preliminary findings indicate the need for further research attempting to 

explain measurement invariance with existing measures.   
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Appendix A 

Table A1  

Discrimination and threshold parameters for Asian students (n = 291) on the Emotional 

Behavior Subscale of the Social, Academic, and Emotional Behavior Risk Screener. 

  Difficulty Thresholds 

Item Discrimination 0 – 1 1 – 2 2 – 3 

Adaptability 1.93 

(.29) 

-2.63 

(.31) 

-1.60 

(.17) 

0.49 

(.10) 

Difficulty rebounding from setbacks 2.29 

(.41) 

-2.57 

(.30) 

-2.03 

(.21) 

-0.98 

(.11) 

Nervousness 1.73 

(.35) 

-4.00 

(.82) 

-3.17 

(.52) 

-1.47 

(.19) 

Positive attitude 2.60 

(.43) 

-3.25 

(.50) 

-1.62 

(.16) 

-0.63 

(.10) 

Sadness  3.14 

(.65) 

-3.10 

(.45) 

-2.51 

(.29) 

-1.08 

(.11) 

Withdrawal 1.93 

(.31) 

-3.41 

(.52) 

-2.57 

(.31) 

-0.96 

(.13) 

Worry 1.65 

(.27) 

-3.72 

(.62) 

-2.67 

(.35) 

-0.61 

(.12) 

Note. Standard errors are in parentheses.  
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Table 2A 

Discrimination and threshold parameters for Native American students (n = 87) on the 

Emotional Behavior Subscale of the Social, Academic, and Emotional Behavior Risk 

Screener. 

  Difficulty Thresholds 

Item Discrimination 0 – 1 1 – 2 2 – 3 

Adaptability 1.18 

(.31) 

-3.28 

(.88) 

-0.85 

(.28) 

0.62 

(.27) 

Difficulty rebounding from setbacks 1.43 

(.35) 

-2.35 

(.53) 

-1.82 

(.40) 

-0.08 

(.21) 

Nervousness 5.34 

(1.95) 

-2.02 

(.34) 

-1.45 

(.22) 

-0.49 

(.14) 

Positive attitude 1.20 

(.33) 

-4.22 

(1.26) 

-1.26 

(.35) 

0.41 

(.25) 

Sadness  3.49 

(.92) 

-2.19 

(.38) 

-1.66 

(.27) 

-0.08 

(.15) 

Withdrawal 1.90 

(.44) 

-2.45 

(.51) 

-1.43 

(.28) 

-0.19 

(.18) 

Worry 5.82 

(2.37) 

-2.00 

(.33) 

-1.32 

(.20) 

-0.18 

(.14) 

Note. Standard errors are in parentheses.  
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Table 3A 

Discrimination and threshold parameters for male students with multiple 

races/ethnicities (n = 324) on the Emotional Behavior Subscale of the Social, Academic, 

and Emotional Behavior Risk Screener. 

  Difficulty Thresholds 

Item Discrimination 0 – 1 1 – 2 2 – 3 

Adaptability 1.61 

(.20) 

-2.48 

(.28) 

-1.13 

(.14) 

0.11 

(.10) 

Difficulty rebounding from setbacks 2.06 

(.24) 

-1.97 

(.19) 

-1.44 

(.14) 

-0.28 

(.09) 

Nervousness 3.13 

(.50) 

-3.10 

(.43) 

-2.31 

(.23) 

-1.04 

(.10) 

Positive attitude 2.16 

(.26) 

-2.71 

(.29) 

-1.13 

(.12) 

0.21 

(.09) 

Sadness  5.14 

(.97) 

-2.18 

(.19) 

-1.59 

(.12) 

-0.62 

(.08) 

Withdrawal 2.48 

(.31) 

-2.33 

(.22) 

-1.68 

(.15) 

-0.57 

(.09) 

Worry 2.48 

(.33) 

-2.86 

(.33) 

-1.81 

(.17) 

-0.52 

(.09) 

Note. Standard errors are in parentheses. 
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Table 4A 

Discrimination and threshold parameters for female students with multiple races / 

ethnicities (n = 318) on the Emotional Behavior Subscale of the Social, Academic, and 

Emotional Behavior Risk Screener. 

  Difficulty Thresholds 

Item Discrimination 0 – 1 1 – 2 2 – 3 

Adaptability 2.37 

(.37) 

-2.49 

(.27) 

-1.14 

(.12) 

-0.25 

(.10) 

Difficulty rebounding from setbacks 1.91 

(.27) 

-2.32 

(.25) 

-1.89 

(.19) 

-0.63 

(.10) 

Nervousness 1.77 

(.35) 

NA
a 

NA
a 

-3.18 

(.51) 

-1.57 

(.20) 

Positive attitude 2.73 

(.45) 

-2.89 

(.37) 

-1.37 

(.13) 

-0.33 

(.09) 

Sadness  2.48 

(.45) 

-2.71 

(.33) 

-2.09 

(.22) 

-0.70 

(.10) 

Withdrawal 2.59 

(.42) 

-2.99 

(.39) 

-1.89 

(.18) 

-0.82 

(.10) 

Worry 1.56 

(.26) 

-3.92 

(.66) 

-2.69 

(.36) 

-0.78 

(.13) 

Note. Standard errors are in parentheses. 
a
No responses of Never for this group 
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Appendix B 

Initial Evaluation of the Item Response Questionnaire 

Instructions: The purpose of the proposed measure is to gain an understanding of the 

factors teachers consider when completing rating scales of student behavior. This 

measure will be completed after completion of a student behavior rating scale. The goal 

of this project is to provide researchers and practitioners data to better understand the 

defensibility of rating scale data, as well as any decisions that might result from that data. 

Please read each of the items carefully and answer three ratings for each of the items on 

the behavior rating scale.  

 

Below is a four-step process that respondents go through to complete ratings of their 

attitudes and perceptions (Tourangeau & Rasinski, 1988): 

 

Step 1: 

Comprehension of the 

question 

How the individual understands and interprets the behavior 

they are being asked to rate. 

Step 2: Memory The individual’s ability to recall events from his/her memory 

when rating a student’s behavior. 

Step 3: Decision 

Making 

How the individual arrives at an estimate of the frequency of 

a behavior based off the events recalled from memory. 

Step 4: Formulation of 

Response 

How the individual places their estimate of the frequency of a 

behavior onto the provided response options and checks that 

the response is consistent with their previous responses. 

 

1) Indicate which question best represents the step by ranking their order (with 1 

being the best representation of the step). 

 

2) Indicate how confident you are with your choice. 

 

NC = Not 

Confident 

SC = Somewhat 

Confident 

MC = Mostly 

Confident 

VC = Very 

Confident 

 

3) Indicate how relevant the statement is to the step. 

 

  

NR = Not 

Relevant 

SR = Somewhat 

Relevant 

MR = Mostly 

Relevant 

VR = Very 

Relevant 
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Thank you very much for you time! 

Teachers will complete the items below while considering each individual item from a 

behavior rating scale. Therefore, the respondent will complete these same questions 

multiple times when considering a single rating scale.  

  

Example: 

Question Rank Confidence Relevance 

Question 1 3 NC  SC  MC  VC NR  SR  MR VR 

Question 2 1 
NC  SC  MC  VC NR  SR  MR VR 

Question 3 2 
NC  SC  MC  VC NR  SR  MR VR 
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Step Question Rank Confidence Relevance 

1 

I understand this question.  
NC   SC   MC   

VC 

NR   SR   MR  

VR 

I can recognize this behavior 

when it is displayed. 
 

NC   SC   MC   

VC 

NR   SR   MR  

VR 

My definition of this behavior 

is similar to other people’s 

definition of this behavior. 

 
NC   SC   MC   

VC 

NR   SR   MR  

VR 

I have seen my students 

display this behavior before. 
 

NC   SC   MC   

VC 

NR   SR   MR  

VR 

2 

I use all events of the behavior 

when rating this behavior. 
 

NC   SC   MC   

VC 

NR   SR   MR  

VR 

I can remember behaviors 

related to this question. 
 

NC   SC   MC   

VC 

NR   SR   MR  

VR 

I use specific/discrete events 

of this behavior to rate this 

question. 

 
NC   SC   MC   

VC 

NR   SR   MR  

VR 

3 

I weigh each instance of the 

student’s behavior I recall 

equally when responding to 

this question. 

 
NC   SC   MC   

VC 

NR   SR   MR  

VR 

I rate the frequency of this 

behavior based off an 

estimation of how often the 

student engages in the 

behavior. 

 
NC   SC   MC   

VC 

NR   SR   MR  

VR 

I consider the intensity of the 

student’s behavior when 

responding to this question. 

 
NC   SC   MC   

VC 

NR   SR   MR  

VR 

4 

I would rate this behavior 

similarly to other teachers. 
 

NC   SC   MC   

VC 

NR   SR   MR  

VR 

The response options (e.g., 

Never, Sometimes, Often, and 

Almost Always) represent the 

frequency of this behavior. 

 
NC   SC   MC   

VC 

NR   SR   MR  

VR 

My ratings of this behavior 

would be similar to other 

people’s ratings. 

 
NC   SC   MC   

VC 

NR   SR   MR  

VR 

I compare my previous ratings 

on other behaviors when 

rating this question. 

 
NC   SC   MC   

VC 

NR   SR   MR  

VR 

Are there any questions missing from any category? If so, please write the question and 

category.  
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Appendix C 

Table 1C 

Final four questions for each of the four steps in Information Processing Theory. 
 
Question 

1. I can recognize this behavior when it is displayed. 

 

2. I use specific/discrete events of this behavior when rating this question. 

3. I rate the frequency of this behavior based off an estimation of how often the 

student engages in the behavior. 

4. I compare my previous ratings on other behaviors when rating this question 
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Appendix D 

Figure D1 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Asian students on item 1. 
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Figure D2 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Asian students on item 2. 
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Figure D3 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Asian students on item 3. 
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Figure D4 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Asian students on item 4. 
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Figure D5 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Asian students on item 5.  
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Figure D6 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Asian students on item 6. 
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Figure D7 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Asian students on item 7. 
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Figure D8 

Graphs displaying the test response functions and the difference between the item 

response functions for Asian students. 
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Figure D9 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Black students on item 1. 
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Figure D10 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Black students on item 2. 
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Figure D11 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Black students on item 3. 
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Figure D12 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Black students on item 4. 
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Figure D13 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Black students on item 5. 
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Figure D14 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Black students on item 6. 
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Figure D15 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Black students on item 7. 
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Figure D16 

Graphs displaying the test response functions and the difference between the item 

response functions for Asian students. 
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Figure D17 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Hispanic students on item 1. 
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Figure D18 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Hispanic students on item 2. 
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Figure D19 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Hispanic students on item 3. 
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Figure D20 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Hispanic students on item 4. 
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Figure D21 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Hispanic students on item 5. 
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Figure D22 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Hispanic students on item 6. 
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Figure D23 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for Hispanic students on item 7. 
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Figure D24 

Graphs displaying the test response functions and the difference between the item 

response functions for Hispanic students. 
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Figure D25 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for students with multiple races and 

ethnicities on item 1. 
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 Figure D26 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for students with multiple races and 

ethnicities on item 2. 

 

 

  

Mutliple Compared to All Other Students - Item 2

-4 -2 0 2 4

0.
0

0.
5

1.
0

1.
5

2.
0

2.
5

3.
0

A. Expected Score

Theta

S
co
re

-4 -2 0 2 4

-1
.0

-0
.5

0.
0

0.
5

1.
0

B. Item Score Difference

Theta

S
co
re

All Other
Multiple

-4 -2 0 2 4

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

C. Categorical Response Curve

Theta

P
ro
ba
bi
lit
y



DIF ON THE SAEBRS  169 

Figure D27 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for students with multiple races and 

ethnicities on item 3. 
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Figure D28 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for students with multiple races and 

ethnicities on item 4. 
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Figure D29 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for students with multiple races and 

ethnicities on item 5. 
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Figure D30 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for students with multiple races and 

ethnicities on item 6. 

 

 

 

  

Mutliple Compared to All Other Students - Item 6

-4 -2 0 2 4

0.
0

0.
5

1.
0

1.
5

2.
0

2.
5

3.
0

A. Expected Score

Theta

S
co
re

-4 -2 0 2 4

-1
.0

-0
.5

0.
0

0.
5

1.
0

B. Item Score Difference

Theta

S
co
re

All Other
Multiple

-4 -2 0 2 4

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

C. Categorical Response Curve

Theta

P
ro
ba
bi
lit
y



DIF ON THE SAEBRS  173 

Figure D31 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for students with multiple races and 

ethnicities on item 7. 
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Figure D32 

Graphs displaying the test response functions and the difference between the item 

response functions for students with multiple races and ethnicities. 
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Figure D33 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for White students on item 1. 
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Figure D34 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for White students on item 2. 
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Figure D35 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for White students on item 3. 
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Figure D36 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for White students on item 4. 
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Figure D37 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for White students on item 5. 
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Figure D38 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for White students on item 6. 
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Figure D39 

Graphs displaying the item response functions, the difference between the item response 

functions, and the categorical response curve for White students on item 7. 
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Figure D40 

Graphs displaying the test response functions and the difference between the item 

response functions for White students. 
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