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ABSTRACT 

 

Considering Multidimensionality: A Solution for Noncognitive Assessment Application in 

Education 

Hannah Lieber 

 

 

 Advancements in education and the perceived necessary educational outcomes require 

advanced psychometric approaches. This is particularly true when we consider noncognitive 

assessments – assessments that aim to measure soft skills, otherwise untested in classrooms 

today. Noncognitive skills have gained traction in recent years due to the increased interest in 

21st century skills and the realization that these skills impact success as much as technical skills 

and content knowledge. Despite the growing interest, the appropriate psychometric methods 

have yet to be applied to such assessments. Because it is difficult to distill noncognitive 

assessments down to one particular skill, they are inherently multidimensional; however, 

literature regarding multidimensional applications of psychometric models is lacking. This study 

aims to address these concerns, using Situational Judgment Tests (SJTs) to assess the feasibility 

of improving noncognitive assessment adoption across education. This study assesses multiple 

psychometric models, both uni- and multidimensional, to best understand the internal structure of 

SJTs as well as explore the interpretability of model results. The results indicate that SJTs are, in 

fact, multidimensional and are best measured with polytomous Cognitive Diagnostic Models 

(CDMs). Implications of these results include future opportunities for noncognitive assessments 

to be utilized in classroom settings, increased feedback and reporting to students, teachers, and 

parents regarding strengths and weaknesses of students, and pedagogical improvements to 

noncognitive skill development.  
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Chapter 1: Introduction 

Background 

In 1947, Harry S. Truman argued that “education may become the means, not of eliminating 

race and class distinctions, but of deepening and solidifying them.” The United States’ education 

system, particularly in the case of assessment, has been a large contributor to the inequity that 

exists across various social, ethnic, racial, and economic groups. The inclusivity of education has 

been questioned for quite some time (Krueger, 2003), with various reform efforts that have 

attempted to transform education into becoming “the great equalizer” that Horace Mann said that 

it should be. Standardized and mandated assessments in the U.S. are the avenue by which many 

policies have aimed to reform education inequality; this is particularly apparent in a post-No 

Child Left Behind (NCLB) world and Common Core Standards that focus classroom time on 

assessment preparation. 

The role of assessment in education has been long disputed, with various redesigns and 

reconsiderations. Large scale assessments have distorted instruction, as well as student outcomes 

of interest, due to augmented instructional time devoted to preparing students for state 

accountability assessments that the United States has stressed since the passage of NCLB 

(Menken, 2006). Though NCLB aimed to reduce the achievement gap, it ultimately shortchanged 

many children -- most notably the ones that the policy was designed to help (Hess, 2011). 

Additionally, metrics that were emphasized in NCLB, such as IQ scores, GPA, and standardized 

tests, have not shown predictability with regard to life success (Zhao, 2016). Evidence also 

suggests that there has been a significant reduction in the amount of time in the classroom that is 

spent in deep learning and other important noncognitive skills such as creativity, problem-

solving, organization, and self-monitoring skills (Abu-Alhija, 2007; Berliner, 2011; Klenowski, 
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2011). Because of the growing evidence of the negative impact of large-scale assessments, there 

continues to be a decline in mandated tests based in cognition and achievement. This especially 

true in communities of African American or Latinx students and low-income families, likely due 

in large part to the persistent achievement gap that exists between students from low-income 

families and students from middle to upper-middle class households. Arguably, the tests that are 

most often administered in K-12 education maintain levels of biases that are insurmountable for 

students, from test design to systemic barriers that inhibit success for students of color from low-

income households (Kohn, 2000).  

Because of the continued criticism of standardized cognitive assessments, policymakers and 

educational leaders continue to become more adaptable to expanding definitions of educational 

outcomes and what should be measured (Perkins-Gough, 2013); this includes noncognitive skills 

such as Social Emotional Learning (SEL), workforce ready skills, and grit. “Noncognitive” is an 

incredibly broad term, but some themes emerge in the literature. Noncognitive skills consist of 

skills that are independent from cognitive ability, accepted as beneficial to a student, stable over 

time in the absence of external forces such as intentional intervention or life events, and 

dependent on situational factors (Duckworth & Yeagar, 2015). The consideration of including 

such skills in measurable educational outcomes is especially important, given that the 

noncognitive assessments can provide student-level information that can assist in reducing the 

achievement gap (Gruijters et al., 2023). Such skills represent skills in which students of color 

from low-income families are strong (Sedlacek, 2011), unlike the standardized assessments that 

often negatively skew the results of underserved students. It is clear, then, that noncognitive 

skills play an important role in a student’s success; however, the assessment of these skills is 

widely unreliable and undetermined. Despite this, it is essential that we consider noncognitive 
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skills to be a cornerstone of education and educational outcomes, as the assessment of these 

skills can lead to a more equitable education landscape. This paper aims to explore exactly this 

concept – how can the conversation around noncognitive assessments change? What do we have 

to accomplish for noncognitive skills and their assessments to be regarded as a key academic 

standard and outcome?  

There is a lack of solid evidence defining which noncognitive skills, to what extent, and 

in what situations are most predictive of success in school and in the workplace. For example, an 

individual with high levels of grit is more likely to persistently try to overcome obstacles, despite 

potential downfalls, but too much grit can lead to stubbornness and less adaptability (Lucas et al., 

2015). The adoption and acceptance of the idea that education’s outcomes extend beyond content 

knowledge growth, though, has accelerated at a speed beyond the psychometric modeling and 

methodology that would confirm its importance. That is, though policymakers are aware of the 

ways in which education benefits noncognitive skills, assessment and measurement have not yet 

been able to robustly show this to be the case; there is little psychometric evidence in the field of 

noncognitive assessments.  

One solution to the aversion of utilizing noncognitive assessments in education consists 

of establishing the appropriate item type for classroom purposes. To introduce more robust 

assessment of noncognitive skills, we must first establish the most appropriate assessment tool 

for such skills. In their present form, noncognitive assessments often mirror personality tests, 

which lack credibility in education and can be considered a privacy violation if they are too 

similar to mental health intake assessments. Because of this, items on a noncognitive assessment 

should not deter too far from questions asked in classrooms today – those that are cognitive in 

nature. Situational Judgment Tests (SJTs; Motowidlo et al., 1990; McDaniel et al., 2007), I argue, 
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are noncognitive items that require cognition and, therefore, are a sound avenue to bring 

noncognitive assessment into educational spaces. SJTs are most commonly used in employee 

selection because they measure decision-making, judgment and efficiency. Because of their 

usage in real world settings, SJTs nicely align with the current mission of schools to prepare 

students for college and the workforce (McDaniel et al., 2001). Despite their relevance in the 

career readiness missions in schools, SJTs are absent from the literature in the educational 

landscape. As a result, I argue that SJTs are the most natural assessment tool of noncognitive 

skills, as they involve forms of cognition and are associated with an important aspect of 

classroom focus today. To date, however, the literature is lacking a clear conclusion regarding the 

assessment and psychometric soundness of SJTs and, therefore, their adoption is lacking, 

especially in education. This study, then, will provide a clearer understanding of the internal 

structure of SJTs and the best analytic approach moving forward. Specifically, I aim to establish 

the best psychometric approach to assess SJTs.  

Noncognitive Skills 

 The inclusion of noncognitive skill development in education has become a hot button 

item recently, and its relevance has become increasingly obvious in the wake of COVID-19. 

Despite its prevalence, the definition of “noncognitive skills” has not reached a consensus. 

Though it can be referred to as “21st century skills,” “soft skills,” or “social emotional 

competencies,” the term generally refers to the range of behaviors, mindsets, and developmental 

skills that are necessary for college and career success (Savitz-Romer & Rowan-Kenyon, 2020), 

though typically not explicitly taught in the classroom. Heckman and Katuz (2012) define 

noncognitive traits to be aspects of a person that are expressed as thoughts, feelings and patterns 

of behavior. Personality psychologists often rely on the Big Five Domains (McCrae & Mottus, 
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2019) as the taxonomy of personality traits. These traits include Neuroticism (or emotional 

stability), Extraversion, Openness, Agreeableness, and Conscientiousness. Poropat’s (2009) 

meta-analysis concluded that, of the five personality traits, conscientiousness is the largest 

predictor of GPA. Conscientiousness is defined as “the propensity to follow socially prescribed 

norms for impulse control, to be goal directed, to plan, and to be able to delay gratification and to 

follow norms and rules” (Roberts et al., 2009, p. 369).  

A growing number of school districts have included investments in Social-Emotional 

Learning (SEL) and soft skill development as a part of their pandemic-relief spending plans 

(DiMarco & Jordan, 2022). According to the Collaborative for Academic, Social, and Emotional 

Learning (CASEL) 2013 report, SEL -- and noncognitive skills broadly -- include the process of 

acquiring knowledge, skills, attitudes, and beliefs to identify and mange emotions, as well as 

caring about others, making good decisions, behaving ethically, and developing positive 

relationships. Publications across social science disciplines have increased 400% since the early 

2000s (Smithers et al., 2018), signifying the increasing interest in the topic. Despite this, as many 

as one third of children, especially those with disabilities, do not adequately develop the SEL and 

noncognitive skills that have been shown to ignite academic achievement and workplace success 

(CASEL, 2015). Given the increasing interests in the international comparisons of skills for 

informing educational policy, it is necessary to understand the definitions, measurement, and 

development of key skills (Zhou, 2017), including noncognitive skills that describe a person’s 

patterns in information processing, emotion, and behavior (West et al., 2016). West and 

colleagues also argue that the umbrella term “noncognitive” refers to skills not captured by 

assessments of cognitive ability and is sometimes associated with social and emotional learning, 

which includes traits like empathy and social awareness. Traits that are defined as noncognitive 
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manifest differently in specific situations and can depend on the inventive (Gill-Hernandez, 

2021). This is in contrast to cognitive skills, which are often considered the abilities used to 

perform different mental activities, including literacy and numeracy at a fundamental level and 

higher-level thinking such as problem-solving (OECD, 2013).  

Unlike cognitive skills, noncognitive skills cannot currently be measured by standardized 

achievement tests. Noncognitive assessments are conceptually different from cognitive 

assessments, as well as empirically different. That is, noncognitive and cognitive assessments are 

foundationally different, as cognitive assessments rely on facts from core subjects in school 

while noncognitive assessments largely focus on social interactions and emotions, as well as 

scientifically different, as the studies comparing the cognitive and noncognitive assessments note 

divergence of the skills that they measure. Most measures of personality are weakly correlated 

with IQ (r ≤ .30; Borghans et al., 2008). However, because responses to cognitive tests reflect 

context-specific noncognitive skills including motivation, persistence, and effort, standardized 

tests of academic achievement are not entirely independent from the noncognitive assessment, 

though they have historically been considered independent (Azzolini et al., 2019). Despite the 

overlap, the noncognitive and cognitive skills are typically measured as separate entities.  

Research has found that noncognitive skills may be more responsive to intervention than 

cognitive ability (Cunha & Heckman, 2008); however, the traits are difficult to define and the 

methods used to measure them come at a cost (West et al., 2016). Noncognitive skills are murky 

psychometrically and violate the unidimensionality assumption necessary for traditional 

reliability analyses (Duckworth & Yeager, 2015). That is, because noncognitive assessments 

require an individual accesses multiple aspects of their personality and judgment, traditional 

psychometric methods are not appropriate for their analyses. Models used for reporting student 
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outcomes were historically developed to describe student behavior and mastery as a single 

variable; this is because a single number was considered sufficient to describe achievement, 

knowledge, and aptitude, as they were unidimensional factors (von Davier, DiBello & 

Yamamoto, 2002). Noncognitive skills, however, do not meet the criteria for unidimensionality 

and, thus, their assessments have limited psychometric backing due to newer psychometric 

models not yet applied.  

Noncognitive Assessment  

Assessment of noncognitive skills is best captured in performance tasks or behavioral 

observations (Zhou, 2017) and most psychometric literature reflects the absence of scientifically 

backed noncognitive assessments, as the psychometric tools most appropriate to assess such tests 

are not widely adopted outside of the measurement field. Namely, psychometric approaches that 

account for multidimensionality as well as polytomous scoring of items should be utilized when 

considering noncognitive assessments.  

Duckworth and Yeager’s 2015 paper evaluated various approaches to noncognitive 

assessments, highlighting the drawbacks to each method. Questionnaires, for example, are most 

commonly used for parent and teacher reports of children behaviors or self-reports for 

adolescents and adults. Questionnaires may ask about an individual’s behavior in general, in a 

specific period of time, or in a hypothetical situation; response options can range from frequency, 

how well a description fits the individual in question, or choices of specific behaviors. This 

assessment tool is limited in variability in question interpretations, lack of insight or information, 

the timing at which an individual responds to the questionnaire, and reference or social 

desirability bias. Additional shortcomings likely exist, but without employing the appropriate 

multidimensional analyses, we are unable to fully understand the assessment tool. As a result, 
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there is an apparent need to best establish a tool that can be implemented in the classroom to 

assess noncognitive skills and an appropriate psychometric approach to ensure the fairness and 

soundness of such assessment, as is the case with cognitive assessments.  

 One alternative to questionnaires as a means to measure noncognitive skills is behavior 

observation; performance tasks are one method to behavior observation (Duckworth & Yeager, 

2015). Performance tasks are meant to elicit behaviors in relevant contexts by creating controlled 

situations in which all subjects are observed. Objective personality tests, for example, assess 

personality and noncognitive traits through behavioral indicators rather than through self-

reporting measures (Ortner & Schmitt, 2014). Though performance tasks overcome many of the 

pitfalls of questionnaires, such as the subjective nature of self-reporting, reference and social 

desirability biases, and temporal sensitivity, they are still met with many limitations (Duckworth 

& Yeager, 2015). For example, an individual’s behavior may reflect factors and attributes outside 

of those being measured, such as compliance with authority.  

There has been a surge of interest in SJTs and other noncognitive assessments amongst 

organizational researchers; factors such as emotional intelligence, leadership, competency 

modeling, situational judgments, and social skills are just some of the values with which 

organizations are interested (Chernyshenko, Stark, & Drawgow, 2010). The measurement of such 

skills, also, can help in minimizing the Achievement Gap as these skills are more resistant to 

systemic issues that plague achievement tests. Because recent research has suggested a shift in 

the focus of education, as well as the educational changes brought on by the COVID-19 

pandemic, towards career readiness and developing employable youth (National Research 

Council, 2021, it would behoove policymakers to not include measures in our education system 

that explore skills outside of typical academic achievement. 
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Because reliable measures of these skills are largely absent or undetermined, the 

contribution of noncognitive skills to life earnings, school achievement, and other long-term 

outcomes has often been ignored in analyses and policy (Heckman & Rubinstein, 2001). Though 

there is incredible value to understanding a student’s grasp of noncognitive skills, the 

questionable psychometric approaches that ignore the multidimensional nature of the 

assessments and their complicated, polytomous response options make it difficult to incorporate 

noncognitive assessments into education and admission standards. In many ways, assessing 

noncognitive skills is stuck in outdated psychometric approaches including Classical Test Theory 

(CTT) and Unidimensional Item Response Theory (UIRT), especially in the case of SJTs. 

Because of the violation of the unidimensionality assumption of noncognitive assessments, 

multidimensional psychometric approaches are best employed; however, the complexity of 

multidimensional results and relaying information about the internal structures of assessments 

results in minimal adoption, especially outside of the measurement field. There is a demand to 

increase communication between the fields of noncognitive assessments and psychometric 

modeling, which this paper aims to resolve. This paper seeks to bridge the gap between 

noncognitive assessments and psychometric methods that best represent their complexities with a 

focus on one of the more modern psychometric approaches, Cognitive Diagnostic Modeling 

(CDMs) and their polytomous developments.  

Because the focus of educational outcomes has historically been for cognitive factors, the 

research surrounding cognitive assessments and their psychometric properties is more clearly 

defined than in the noncognitive space, though the assessment of cognitive skills is not without 

flaws. There are still many unknowns surrounding noncognitive assessments, including the most 

appropriate psychometric approach to understand their internal structures and to best understand 
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the results of an assessment. For example, many noncognitive and personality tests employ 

Likert-type items (Duckworth & Yaegar, 2015); CDMs typically employ methods with 

dichotomous scoring as opposed to the polytomous scoring that is utilized in noncognitive 

assessments. Dichotomous scoring is appropriate in many cognitive contexts because questions 

are marked either as correct or incorrect, but Likert-type items represent a degree of agreeability 

or endorsement of an item stem. In a similar vein, a dichotomous Q-matrix noting the mastery or 

nonmastery of a skill is not necessarily appropriate for noncognitive assessments. Because the 

skills assessed in noncognitive assessments are more fluid and exist in shades of grey, a 

respondent will often fall in between mastery and nonmastery of a skill; their performance is less 

binary than in the cognitive context. With regard to this study, the questions surrounding 

noncognitive assessments are best answered through an in-depth analysis of SJTs, utilizing a 

comparison of analytic approaches – assessing the currently employed unidimensional tactic that 

produces a single score and two multidimensional approaches, including Multidimensional Item 

Response Theory (MIRT) and polytomous CDMs that consider the multidimensional nature and 

the polytomous responses seen in SJTs.   

Situational Judgment Tests as a Noncognitive Measure 

 SJTs are a collection of items most popularly used in personnel selection aiming to 

measure an individual’s decision-making ability. To that end, they are a measure of the 

noncognitive skill of decision-making and, thus, are a display of noncognitive assessment. SJTs 

typically ask a respondent to choose or rate different courses of action when presented with a 

situation, the item stem. Because responses to SJTs can be rated on how effectively a decision is 

made, they capture 21st century and noncognitive skills, despite the complexity of the questions 

requiring some cognitive thinking. Below is an example of an SJT item.  
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Zaikil’s mother, Janice, hired him to assist employees at her company when he was a junior in 
high school. After a year of good work, Janice decided to give him control of an important task. 
He is both excited and nervous about the opportunity. Imagine that you are Zaikil and you could 
deal with this situation using any of the options below. What would you do? 

1. Figure out a way to link your task’s goals with other work going on at the company.  
2. Develop a plan to tackle what needs to be done. 
3. Ask Janice to lay out the necessary steps before you start. 
4. Wait for Janice to give you more information about the task.  

 

SJTs are rarely used in the classroom, despite the shift in education to focus on 21st century 

skills. The benefits of SJTs as compared to traditional measure of cognitive skill are abundant. 

SJTs have demonstrated validity (McDaniel et al., 2001), reduced adverse impact (Motowidlo & 

Tippins, 1993), and positive experiences from applicants (Weekley & Ployharts, 2006). Some 

research has indicated that SJTs have incremental validity beyond that of both cognitive ability 

tests and personality assessments (Clevenger et al., 2001; Weekley & Ployhart, 2006), suggesting 

that SJTs capture traits different than those considered to be predictors of job performance. In 

addition, SJTs can contribute to achievement gap reduction in that their mean subgroup 

differences are typically small; SJTs exhibit smaller racial subgroup differences than those of 

cognitive ability (Motowidlo & Tippins, 1993). Such evidence should compel policymakers and 

educators to consider their usage beyond personnel selection.  

As with most assessments of noncognitive factors, psychometric analyses of SJTs up to this 

point have been uninformative because a single overall score disregards the multidimensional 

nature of SJTs (Christian, Edwards, & Bradley, 2010), requiring an approach that fully embraces 

the multidimensionality and spectrum of skills required to correctly respond to an SJT. SJTs 

measure a variety of factors within one assessment, and often within one item, with skills 

ranging from leadership, initiative, and basic decision-making. Multidimensional approaches are 

the most natural psychometric model for items like SJTs, however these items also employ 

abstract scoring mechanisms. As with most noncognitive assessments, binary results of 



  
12 

correct/incorrect are inappropriate; respondents often score on a more continuous scale that 

closely follow that of Likert items. SJTs do, though, have a “most” correct response and, 

therefore, require polytomous response models for their assessment and adoption. As a result, 

this paper will use SJTs as an example to propose a new framework to assess noncognitive 

assessments broadly.  

The assessment of noncognitive skills exists in two camps: accuracy, through aptitude 

and achievement measures, or non-accuracy, through Likert and subjective responses. One 

accuracy-driven assessment tool that is comparable to performance tasks and behavioral 

observations are SJTs. SJTs often assess noncognitive skills, such as adaptability, decision-

making, and leadership (Christian, Edwards, & Bradley, 2010). Chapter 2 will provide an in-

depth definition of SJTs and discuss their history as a personnel selection measure. As with most 

noncognitive assessment tools, SJTs violate an underlying assumption of most psychometric 

models; that is, the assumption of unidimensionality. The multidimensionality of measures of 

latent underlying abilities, personality traits, and attitudes (McDonald, 1981) poses a problem to 

the inclusion of noncognitive assessments in education; this is of particular concern with items 

such as SJTs, which connect cognitive and noncognitive skills in a way that makes them 

desirable for classroom practice. Though multidimensional approaches do exist in 

psychometrics, multidimensionality can be more difficult for test-takers, policy makers, and 

parents to understand. Additionally, results from multidimensional approaches have been 

inconclusive; Multidimensional Item Response Theory (MIRT) approaches, for example, have 

indicated to have no advantage to simpler structures such as factor analysis and Unidimensional 

Item Response Theory (UIRT) when applied with a testlet model (Li, 2010). Li’s work treated 

SJTs as items measuring a single judgment dimension and several testlet dimensions, however 
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there are no available publications to date employing MIRT that treat SJTs as a measure with 

multiple dimensions and various defined factors. Similarly, CDMs have yet to be studied for 

SJTs that employ a Likert scale and, notably, have yet to account for the polytomous responses 

employed by many SJTs.  

It is widely accepted that SJTs require multidimensional approaches like MIRT and 

CDM, but very rarely are multidimensional models applied in SJTs research and literature. SJTs 

act as a good first step in this process because they are, in this context, polytomously scored and 

the attributes measured can be considered to be binary; they, however, are measuring the 

noncognitive attributes embedded in judgment, which makes them both cognitive in their design 

and noncognitive in their measurement. In starting the analyses with SJTs this paper begins by 

bridging the gap between cognitive and noncognitive spaces, in the same way that SJTs bridge 

that gap. This is particularly important because of the little information currently collected 

regarding students’ soft skills and development of traits outside of math, literacy, and science. 

Because SJTs are items that measure noncognitive constructs while requiring the respondent use 

cognitive thinking, their contribution to education can be quite powerful. Moreover, SJTs are 

indisputably multidimensional and polytomous in nature and, thus, allow for more complex 

approaches to be employed, including polytomous CDMs.  

Issues of Multidimensionality  

A 2016 paper by Sorrel et al. argues that, in the case of SJTs, CDMs are the most 

appropriate measurement tool. Because conventional methods for assessing validity and 

reliability of scores of SJTs are based on Classical Test Theory (CTT), there have been various 

unaddressed psychometric issues related to SJTs (Christian, Edwards, & Bradley, 2010; Ployhart 

& Weekley, 2006). For example, to assess the internal structure of SJTs, factor analytic solutions 
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have been explored; however, these analyses almost always led to an abundant number of factors 

that were difficult to interpret (Lievens et al., 2008). Despite the uninterpretable results of factor 

analytic solutions, there is speculation that SJTs are construct heterogeneous at the item level, as 

one item may target several different performance-related dimensions (Patterson et al., 2012). 

Because of this, Ployhart and Weekley (2006) noted that there is little understanding in what 

SJTs really measure, despite their wide use and even more pungent potential. Additionally, 

despite the multidimensional nature of SJTs, and noncognitive assessments more broadly, a 

single composite score is usually reported in research and in practice. In addition, reliability 

studies of SJTs have focused on internal consistency reliability, with reports of low internal 

consistency indices (Lievens et al., 2008). These results likely reflect the inappropriateness in 

using Cronbach’s alpha as a reliability metric because Cronbach’s alpha requires a construct 

domain to be homogeneous (Schmidt & Hunter, 1996). As a result, literature suggests that 

alternative reliability approaches should be considered when working with SJTs.  

CDMs are multidimensional, categorical latent-trait models that were developed to assess 

mastery or nonmastery of a set of skills (Sorrel et al., 2016). Because each item typically requires 

more than one attribute in order to achieve mastery, CDMs use a complex loading structure in 

which each item can be specified in relation to multiple attributes, as opposed to a single 

attribute as in the case with a simple loading structure. Unlike tests that report scores on a 

unidimensional scale, CDMs conceive of a test’s subject area as a set of separable, though 

interrelated, attributes (Jang et al., 2019). Templin and Henson (2006) proposed the deterministic 

input noisy or gate (DINO) model with an application to diagnose varying degrees of a 

psychological gambling disorder. Outside of this study, most research regarding personality 

testing or noncognitive assessment use traditional clustering methods to classify respondents into 
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different classes of personality types (Solomon et al., 2001); there are few studies to apply 

CDMs to personality assessment (Revuelta et al., 2018), but no research to date has explored the 

polytomous nature of noncognitive assessment responses. Despite some limitations, polytomous 

items have a number of advantages over dichotomous items (van der Ark, 2001), especially in 

the noncognitive context. Polytomous items can usually provide more information than the 

dichotomous items that are usually used in CDMs and, therefore, polytomously scored items 

typically yield more accurate parameter estimation (Nering & Ostini, 2010). In addition, 

polytomous response options are often more suitable than dichotomous items in noncognitive 

assessments; rating scales, for example, may frustrate respondents if there are only two response 

options (Cox, 1980) and limit reliability. Additionally, multiple-choice items that are scored as 

correct/incorrect are often inappropriate for diagnostic purposes; open-ended and polytomous 

scoring allow for students’ responses to be explicitly observed and better understand how 

students solve a problem (Birenbaum & Tatsuoka, 1987). Though there are studies that apply 

CDMs and other latent class models to personality and noncognitive tests, dichotomous and 

Likert-type items (which are often dichotomized for simplicity) can be susceptible to social 

desirability and fakability. There are few latent discrete variable models that highlight the 

classification of multiple latent noncognitive attributes without post hoc clustering methods or a 

cutoff point on a latent continuum (Huang, 2023). Garcia, Olea and de la Torre (2014) found that 

CDMs could achieve an accurate fit to SJT data with interpretable scores. The authors sought to 

assess if application of CDMs to SJTs can accurately reveal underlying competencies measured 

by the items. When comparing the DINO, DINA and G-DINA models, they found that the DINO 

and DINA models led to a significant loss of fit. They were able to use the specified Q-matrix to 

determine content validity and relationship between the test’s attributes and the Big Five 
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personality dimensions. Additional findings from Sorrel and colleagues suggest that CDMs are a 

promising tool in evaluating SJTs’ internal structure; CDMs also provide information about the 

cognitive processes that underlie responses of SJTs while clarifying how scores of SJTs relate to 

other variables. Though the results are promising, Sorrel and colleagues’ paper, largely 

theoretical, is the only available paper that explores dichotomous CDMs as a method to analyze 

SJTs; additionally, they focus their efforts on comparing CDMs to Classical Test Theory (CTT) 

approaches. There is no available literature that explores SJTs through a purely multidimensional 

lens with polytomous scoring; additionally, there are no studies that explore noncognitive skills 

broadly and the use of CDM approaches, especially in a polytomous context. 

The evidence regarding SJTs and noncognitive assessments in polytomous contexts is 

largely absent from the literature, as well as the general CDM approaches. Though CDMs do 

provide some promising results for SJTs and can theoretically be extended to explicitly 

noncognitive assessments, there are still underlying issues for their broader adoption. A 2009 

paper by de la Torre argues that, at the time of publication, CDMs had been underutilized by 

researchers for two primary reasons. The first is that there is less familiarity with these relatively 

new models due to their more complex structure as compared with traditional IRT models. The 

second reason for underutilization was related to user-friendly software not being readily 

available with abundant documentation available for users. Didactic papers have emerged over 

the last decade (de la Torre, 2009; Henson, Templin & Willse, 2009; Rupp & Templin, 2008), 

however the available software remains complex, discouraging more prevalent adoption of 

CDMs. This is especially true in the context of SJTs. Judgment tasks are often cited in the CDM 

literature (Sorrel et al., 2016; Garcia, Olea, & De la Torre, 2014), however only one article to 
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date has explored CDM application of SJTs (Sorrel et al., 2016), not accounting for the 

polytomous responses produced by SJTs.  

Current Work 

SJTs and noncognitive assessments are rarely applied in school settings. They are most 

popular in business sectors and personnel selection; however, their general structure is applicable 

in many fields and, therefore, could be a useful tool in implementing noncognitive assessment in 

education. With the growing concerns about students graduating from high school with 

workforce ready skills and employability, noncognitive skills should be measured and assessed 

in secondary education. However, the difficulty in establishing psychometric evidence for 

noncognitive skills (Duckworth & Yeager, 2015) has prohibited the inclusion of such metrics in 

education, where the stakes are often higher and the number of assessments is already 

overwhelming for students. Because of this, SJTs, with their noncognitive and cognitive 

components, can be useful in introducing the assessment of such skills into the classroom. They 

are, however, only a starting point for the larger implementation of noncognitive assessments. 

SJTs are useful in the context of this study because of their polytomous responses and the theory 

behind them is largely noncognitive-focused. Because of their cognitive component, SJTs are 

subject to many of the same criticisms as the standardized cognitive assessments that are utilized 

in schools today. Unlike SJTs, noncognitive assessments utilize questions that do not indicate 

correct or incorrect responses; there is no option to recode these types of questions to be binary, 

as there is no intuitive way to place, for example, agreement items in a binary space. 

Noncognitive skills are key indicators of a student’s future success; therefore, better 

understanding tools used to measure such skills could forever alter the education landscape.  
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This paper seeks to best understand SJTs, their internal structure, their psychometric 

modeling and how a better understanding SJTs can lead to noncognitive assessment 

implementation in the American education system. To best address these desired outcomes, the 

results of various multidimensional models will be compared, including item difficulty, 

discrimination, and model fit estimates. Because of the many questions around psychometric 

properties of noncognitive assessments, this paper seeks to explore various psychometric 

approaches to noncognitive assessments, employing SJTs that are currently administered in a 

supplementary K-12 education program.  I am primarily interested in determining the best 

approach to modeling noncognitive assessments to better understand their usefulness in 

understanding a student’s competency in and outside of formal schooling. Explicitly, the research 

questions that this paper aims to answer are:  

1) What is the fundamental internal structure of SJTs? 

2) How can one apply polytomous, multidimensional models to SJTs? How do the various models 

compare in terms of item parameter recovery and classification? Which model performs best, 

as defined by model fit comparisons (AIC/BIC, etc.) and interpretability/usability of results?  

3) How can the results inform better practice in noncognitive assessment more broadly?  

 

I seek to determine which model provides the most informative and accurate results. In 

doing this, we accomplish several desired outcomes. Though SJTs are adopted in Organizational 

Psychology and in the hiring process, there has not been a push to include SJTs in educational 

settings, despite their apparent ability to contribute to the measurement of noncognitive skills. By 

establishing the appropriate polytomous CDM for SJTs and better understanding their internal 

structure, this paper opens the conversation to include SJTs in fields outside of workforce 

development and employee onboarding. This is an important step to include noncognitive 

assessments in education, as they hold much value outside of the well-established cognitive 

assessments on which students are currently graded. For example, at the present, college 
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admissions committees rely on student resumes, personal essays, and letters of recommendation 

to better understand an applicant’s personality. While these are comprehensive tools, there is no 

standardized approach to assessing a student’s noncognitive skills. We also lack the ability to 

measure a student’s growth in a noncognitive area. A key component of education has become 

improving a student’s workforce readiness or employability skills; measurement tools are not yet 

incorporated into education to capture this recent shift in the educational discourse. Most 

notably, noncognitive assessments differ from the widely used cognitive assessments in that there 

is often not a dichotomous correct/incorrect format; instead, a polytomous Q-matrix is more 

appropriate because of the range of mastery possible for a student to achieve on the continuously 

scored items.  

The following chapter will review literature regarding noncognitive assessments, 

psychometric evidence for noncognitive assessments, the history of SJTs and their uses, relevant 

multidimensional models, psychometric evidence for SJTS, an introduction to CDMs and the 

polytomous applications of CDMs. This review will highlight the need for the proposed study, as 

the literature does not connect all of the pieces and does not, in its current state, establish a 

founded psychometric approach to noncognitive assessments.  
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Chapter 2: Literature Review 

The following chapter explores noncognitive assessments and the current psychometric 

models used for them, a historical review of SJTs and their psychometric properties, 

multidimensional approaches to psychometric models, an introduction to Cognitive Diagnostic 

Models (CDMs) and their polytomous contexts. The summary of these themes will inform the 

methodology presented in Chapter 3 and the proposed framework.  

2.1 Overview of Noncognitive Assessments  

 The outcomes that are relevant in education today and throughout education’s history are 

those that can be measured with precision and with palatable results. The topics that are 

measured dictate the areas in which schools, parents and children focus much of their attention. 

However, it has become increasingly obvious over the last decade that traditional measures of 

content or cognitive aptitude reflect only a minimal part of what an individual needs to succeed 

throughout school and beyond. As a result, there has been increasing awareness of the role that 

nonacademic and noncognitive capabilities have in student success (Brunello & Schlotter, 2010; 

Duckworth & Yaeger, 2015). This has pushed many educational assessment conversations 

towards a future in which these skills are better captured and understood. Perkins-Gough (2013) 

found that policymakers and key stakeholders are more willing to expand the definitions of 

educational outcomes and what should be measured. It can be surmised, then, that a shift in 

measurement towards noncognitive skills would result in a shift in educational focus towards 

these skills as well.  

The term “noncognitive” has become an umbrella term for anything that is not measured 

traditionally in schools; this includes attributes such as personal and social dimensions, 

adjustment, motivation and student perceptions (Sedlacek, 2011). Farrington and colleagues 
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(2012) noted that the label “noncognitive” is unfortunate because it creates a false dichotomy 

between what is perceived to be more academic “cognitive” factors and results in noncognitive 

and soft skills to be a separate, fluffier category. Though noncognitive skills are useful to 

students in their own right, Sedlacek and Kalsbeek (2017) importantly found that these 

dimensions provide “viable alternatives in fairly assessing the abilities of people of color, 

women, international students, older students, students with disabilities, LGBTQ students, or 

others with experiences that are different from those of young, White, heterosexual, able-bodied, 

Eurocentric males” (p. 28). This is because the standardized tests on which schools currently 

focus provide a limited view of a student’s potential if he or she belongs to a diverse group.  

Although there have been shifts in the conversations regarding measurement in 

education, there remains to be competing ideas regarding what skills specifically are the most 

important. Some believe that College and Career Readiness (CCR) is the most important 

outcome in education. CCR includes five outcome categories: (1) academic knowledge, (2) 

critical thinking and problem-solving, (3) social and emotional learning (SEL), collaboration or 

communication, (4) grit/resilience and (5) community involvement (Mishkind, 2014). The 

Partnership for 21st Century Skills (2007) proposed the 4Cs – creativity, communication, critical 

thinking and collaboration – to be the most important noncognitive skills for a student to learn 

and develop in school. Michael Fullan (2013) added two more skills – character and citizenship – 

to Mishkind’s list. Angela Duckworth writes of the importance of grit (Duckworth et al., 2007), 

Carol Dweck revolutionized mindset with her growth versus fixed mindset research (Dweck, 

2008). Yong Zhao suggested that entrepreneurial mindedness is key in future success (Zhao, 

2012). It is clear that the theories and concepts are abundant, however the adoption and 
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utilization of such outcomes are not commonplace in the classroom. This is likely due to the 

minimal psychometric evidence for the assessments that measure these skills.   

One framework in particular has broken through the shortcomings with regard to 

noncognitive assessments – Collaborative for Academic, Social and Emotional Learning 

(CASEL). The CASEL framework focuses its efforts around social competence in PreK-12th 

grade classrooms. CASEL developed a theoretical model of SEL, the CASEL Five, defined as: 

(1) Self-Awareness Skills, the ability to recognize one’s emotions and thoughts, (2) Self-

Management Skills, the ability to regulate emotions, thoughts, and behaviors effectively in 

different situations, (3) Social Awareness Skills, the ability to take the perspective of and 

empathize with other individuals from various backgrounds and cultures, (4) Relationship Skills, 

the ability to establish and maintain healthy relationships with diverse individuals and groups, 

and (5) Responsible Decision-Making, the ability to make effective and respectful choices about 

personal behavior and social interactions (CASEL, 2013). Their research suggests that students 

who received high-quality SEL programming demonstrated better academic performance, 

improved attitudes and behaviors such as greater motivation to learn and deeper commitment to 

school, fewer negative behaviors including decreased disruptive behaviors and aggression, and 

reduced emotional distress as evidenced by fewer reports of student depression, anxiety, stress, 

and social withdrawal (Durlak et al., 2011). CASEL employs a multi-informant rating form 

(parent, teacher, and student) that is based on the SSIS Rating Scales (Gresham & Elliott, 2008). 

Despite the success of CASEL, its adoption is still sparse and its assessments are tied to third 

party programming, rather than existing as a core service in schools across the United States. 

This suggests that further evidence is needed for the adoption of noncognitive assessments, as 

well as a more practical assessment that is utilized in real world environments outside of school.  
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2.2 Psychometric Evidence for Noncognitive Assessments 

 Education reform over the last 20 years has focused much of its efforts around 

standardized test scores and minimizing the Achievement Gap (Kohn, 2000), the phenomenon by 

which disenfranchised students underperform relative to their privileged peers. As a result, there 

is a growing need to reevaluate the skills that are most important for a student to learn 

throughout his or her schooling, and the means by which we can measure those skills. Recent 

shifts in perspective and prioritization, such as the Every Student Succeeds Act (ESSA) of 2015, 

establish opportunities to replace standardized tests with performance assessments, promoting 

engagement, creativity, and critical thinking skills that have previously been stifled by the stress 

and accountability associated with high-stakes standardized testing (FairTest, 2016). 

 Emotion and personality influence the quality of an individual’s thoughts (Baron, 1982) 

and impacts how much a child is able to learn in school (Duckworth & Seligman, 2015), 

affecting the ways an individual is able to perform on traditional measures of success; therefore, 

the understanding and measurement of such skills is necessary to better understand a student’s 

experience and profile. Additionally, there is evidence to suggest that noncognitive skills predict 

academic success (MacCann et al., 2012); because of this, researchers and practitioners agree 

that they have an obvious place in the classroom as an addition to cognitive skills, especially as 

optimal learning takes place by having both cognitive and noncognitive activations of the mind 

(Farrington et al., 2012).  

Research suggests that traits other than intelligence are imperative for success in school 

and in life (Almlund et al., 2011); however, there are no systems in place that allow us to assess 

those skills, or even fully understand what the taxonomy of skills are. In order to combat the 

inequality that persists in school, college attendance, and matriculation, in part due to barriers 
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that exist because of admission standards (Pell Institute, 2015), we need to reevaluate the 

outcome measures that are currently utilized for such high-staked decisions. Recently, there have 

been pushes for culturally relevant and culturally responsive curricula that seek to address the 

unique needs of students from diverse backgrounds (Ladson-Billings, 1995); however, there have 

been few efforts to address the assessment of such skills in students, in part due to the murky 

psychometric underpinnings of noncognitive assessments.  

 There are conflicting conclusions regarding the predictive validity of noncognitive 

assessments for college-related outcomes, such as first-year GPA and standardized test scores 

(Kuncel, Crede, & Thomas, 2005; Schmitt et al., 2009). Nonetheless, research suggests that traits 

other than cognitive ability and achievement, though harder to measure, are just as consequential 

to long-term outcomes such as college going, career success, and job performance (Robbins et 

al., 2006). The National Research Council (NRC, 2013) recognized a demand for “noncognitive” 

or “21st century” skills in the workplace. Additionally, the assessment of such skills can act as 

equalizers and minimize the Achievement Gap as they do not face the same types of biases that 

standardized achievement tests do (Stecher & Hamilton, 2014; Sedlacek, 2011). This is because a 

student from a low-income household may obtain a high score on a measure of a domain such as 

“self-reliance,” while students from high-income households have more financial assistance and 

support systems in place. As a result, research suggests that one potential alteration in the 

assessment landscape is to include more noncognitive assessments in high-stakes decision 

making (Almlund et al., 2011; Sedlacek, 2011; Stecher & Hamilton, 2014).  

  Zhao and colleagues (2019) noted that noncognitive measures of growth mindset, grit, 

confidence, and mental health are often treated as input variables that can enhance academic 

achievement; however, the authors question whether these factors should, and could, be treated 
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as educational outcomes in their own right. Treating these skills as outcomes would, first and 

foremost, require the appropriate measurement of them. A report from the Educational Testing 

Service (ETS) argues that a full array of noncognitive assessments is not offered because “policy 

makers and scientists are skeptical that noncognitive qualities can be measured reliably in a valid 

way” (Kyllonen, 2005, p. 2). In 2015, Duckworth and Yeager published a cornerstone piece on 

the various approaches to measure noncognitive skills, including self-report questionnaires, 

surveys administered to teachers about their students, and performance tasks. The first two are 

the most frequently used tools, but noncognitive experts have reservations regarding 

misinterpretation of questions, lack of insight, reference bias, and social desirability bias. 

Simmering, Ou, and Bolsinova (2019) noted that questionnaires are susceptible to context 

insensitivity, as behaviors may occur in some contexts but not differentiated by the 

questionnaires (e.g., perseverance in school work versus hobbies, or different academic subjects). 

Duckworth and Yeager (2015) advised practitioners and researchers to seek out the most valid 

measure for their intended purposes with caution. However, an issue with regard to noncognitive 

skill assessment in general, regardless of the tool, is the multidimensional nature that underlies 

such traits.  

 Research has cited the ongoing issues with the psychometric evidence of noncognitive 

assessments; because the assumption of unidimensionality underlies much of psychometric 

theory, the multidimensional nature of noncognitive traits and their assessment are problematic 

in the field. One potential solution is to utilize multidimensional scaling (MDS), as Bowers 

(2011) did. To better define the relationship between teacher-assigned grades, in core and non-

core subjects, and standardized test scores in mathematics and reading, Bowers (2011) 

implemented MDS techniques. Teacher-assigned grades are often overlooked and considered 
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futile by psychometricians and assessment researchers because they are perceived to be 

unreliable and subjective (Brookart, 2004; Heritage & Yeagley, 2005), however they are tied to 

noncognitive behavioral aspects of schooling. Teacher-assigned grades and standardized test 

scores, though, were shown to exist in two different dimensions. The first dimension defined the 

differences in grades and test scores, while the second dimension defined the difference in core 

and non-core subjects. These results suggest that teacher-assigned grades are, in fact, a 

multidimensional assessment of academic knowledge and noncognitive behaviors, highlighting 

the importance of accounting for the multidimensional nature of student performance.  

Despite the issues in psychometric measurement of noncognitive assessments, their value 

cannot be overlooked. Kyllonen (2005) argues that though there are questions around the 

reliability and validity of noncognitive assessments, the skills they assess matter and, therefore, 

the measurement of such skills should not be ignored. Research highlights the importance of 

considering noncognitive skills in conjunction with the typically-measured cognitive skills and 

academic achievement. Farrington et al. (2012) refer to conscientiousness, self-control, and grit 

as measures of academic perseverance and to growth mindset as one of several aspects of 

academic mindset. They suggest that academic mindsets and academic perseverance interact to 

lead students to engage in more pro-academic behaviors, such as attendance, doing homework, 

and studying, resulting in higher achievement. Likewise, West et al. (2016) found positive, 

significant relationships at the student level between the measures of noncognitive skills that 

they employed and improvement in academic achievement; however, the relationships cease to 

exist when the measures are aggregated at the school level. This might be because of the nature 

of the measures, as they are all self-reported by the students. As a result, the measures might be 

susceptible to reference bias – the tendency for survey responses to be influenced by the 
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administration’s context. The reference point for which students base their self-reported 

responses can vary from student to student based on the context in which the students respond to 

the survey. West et al. (2016) have found suggestive evidence supporting this hypothesis, 

highlighting the importance of improving the measures of noncognitive skills so that they can be 

a useful tool in education policy and practice.  

2.3 A Historical Review of Situational Judgment Tests  

 Situational Judgment Tests (SJTs) are a type of response item that have historically been 

used for employee selection (File, 1945; File & Remmers, 1971) because they are low-cost, 

replicable simulations that allow an employer to see how candidates will respond to various 

work-place scenarios. Over the last few decades, they have become particularly popular because 

of evidence suggesting that they are valued predictors of workforce success (Weekley & 

Ployhart, 2006). The first widely used SJT item was the George Washington Social Intelligence 

Test (Moss, 1926), designed to measure judgment, information, and memory related to social 

situations and human interactions. One subtest, called the Judgment in Social Situations, 

included many items that focused on work situations. According to Moss, Judgment in Social 

Situations required “keen judgment, and a deep appreciation of human motives to answer 

correctly” (p. 26). In this design, several solutions to each presented situation were offered as 

responses, of which only one was correct. Early criticism of the test noted that correlations 

between the test and other tests measuring social attributes were very low and the test was, 

instead, highly correlated with tests of abstract intelligence (Thorndike & Stein, 1937).  

As was the case with assessment in general, World War II and the war’s draft saw 

increasing utilization of SJTs to measure judgment. The response options in these judgment tests 

required a soldier to draw on his common sense, experience and general knowledge rather than 
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simply logic reasoning (Northrop, 1989). Northrop’s research suggested that although judgment 

as a factor had originally been isolated by early Army research, the tests were actually much 

more complex factorially. She concluded, then, that judgment is a multifaceted attribute that 

cannot be distilled to one single factor as it does not consistently load onto any specific cognitive 

factor. This is, of course, during a time when cognition and intelligence testing were most 

relevant; therefore, the consideration of noncognitive factors was not noted in previous research.  

The decades during and following the Second World War saw increased attempts to 

develop SJTs to assess an individual’s qualifications in supervisory and managerial positions 

(Weekley & Ployhart, 2006). Tests of this kind include the Practical Judgment Test (Cardall, 

1942), How Supervise? (File, 1945), the Supervisory Practices Test (Bruce & Learner, 1958), the 

Supervisory Inventory on Human Relations (Kirkpatrick & Planty, 1960), and the Supervisory 

Judgment Test (Greenberg, 1963).  

The Practical Judgment Test of 1942 was a multiple-choice test that described business 

and social situations that were relevant to business and the workforce (Cardall, 1942). 

Respondents were asked to indicate the best action to take in each situation that was presented. 

In contrast to early criticism of SJTs, Cardall maintained that practical judgment is a unique 

factor, independent from factors such as intelligence and other academic metrics of interest. 

However, later research found that the Practical Judgment Test correlated significantly with tests 

of intelligence (Carrington, 1949).  

Ability of a supervisory to function effectively in various situations that required people-

centered decision making was measured using the Supervisory Practices Test (Bruce, 1974). 

Respondents were presented with various work-related situations that supervisors typically face 

and were asked to make judgments on what to do in those scenarios. Bruce and Learner (1958) 



  
29 

found statistically significant differences in the results between supervisors and non-supervisors. 

How Supervise? is similar to the Supervisory Judgment Test in that it focuses on supervisors’ 

knowledge and insight with regard to human situations (File & Remmers, 1948). How 

Supervise? divided its items into various subsections: a supervisory practices and company 

policies section and a supervisory opinions section. This assessment, too, was found to have 

significant correlations with general cognitive abilities.  

During the late 1950s and early 1960s, SJTs were utilized by organizations to predict 

managerial success. One test was the Management Judgment Test, a part of the Early 

Identification of Management Potential developed by the Standard Oil Company of New Jersey 

(Campbell et al., 1970). Respondents were asked to indicate which action in a set of respondents 

they found to be the most appropriate response to a problem situation.  

 The resurgence of SJTs is also due in part to the theory that they have predictive value 

with regard to job success. In 1980, for example, the U.S. Office of Personnel Management 

designed a test of SJTs called Test 905 which assessed the respondents’ potential for promotion 

to first-line federal trades and supervisory positions (Corts, 1980). Corts performed a concurrent 

validity analysis and found small relationships between the scores on Test 905 and various other 

job performance criteria including problem-solving and efficiency of work, allowing for other 

test developers and administrators to justify use of SJTs in job applications.  

 In 1991, Wagner and Sternberg developed the Tacit Knowledge Inventory for Managers 

(TKIM), which is based on the authors’ theory of “practical know-how that usually is not openly 

expressed or stated and which must be acquired in the absence of direct instruction” (Wagner, 

1987, p. 1236). TKIM’s purpose is to identify individuals with tacit knowledge that indicates 

potential for managerial success or effective performance in executive careers. Similar to 
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previously implemented SJTs, the TKIM presented scenarios to respondents that required them 

to choose a course of action from a list of alternative options. Unlike previously implemented 

SJTs, the TKIM employed situations and responses that were much more detailed. Wagner and 

Sternberg (1991) found moderate correlations between their measures and some job performance 

measures, including verbal ability, tacit knowledge for managers and leadership effectiveness.  

 Since the 1990s, SJTs have existed primarily in one lane – workforce readiness and 

employability; the lack of application in other fields may be in part due to the minimal research 

surrounding them. For example, the cross-cultural transportability of SJTs is unknown (Lievens, 

2006). The field is unaware of the ability of SJTS to develop in one culture and be applied to 

individuals from other vultures. Additionally, there are various ways to design SJTs; these 

include video-based SJTs, instruction-based SJTs, Likert or multiple choice SJTs, to name just a 

few. There is no empirical evidence to indicate how different features of SJTs impact their 

effectiveness. Specifically, the affect that the features of SJTs have on adverse impact and 

validity. Lievens, Peeters, and Schollaert (2007) noted “it would be helpful to construct a 

taxonomy of content domains of SJTs and examine how different content being captured by SJTs 

affect the relationship between scores of SJTs and external correlates,” (p. 437), including 

personality traits and cognitive ability. This paper presents the case that the research regarding 

SJTs is lacking due to the multidimensionality of SJTs. Because the proper measurement 

methods have yet to be employed, there is little research that can be done reliably and robustly in 

the realm of SJTs and, broadly, noncognitive assessments.  

2.4 Situational Judgment Tests and Measurement  

SJTs are a type of item that bridge the gap between cognitive and noncognitive skills. 

Because of the nature of the questions, they serve as a potential solution to incorporate 
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noncognitive skills in the assessment of student success. SJTs are often used in personnel 

selection to assess an applicant’s judgment regarding situations that are frequently encountered in 

the workplace (McDaniel et al., 2001). SJTs have shown small to moderate subgroup differences; 

importantly, the subgroup differences are smaller amongst racial subgroups than the racial 

subgroup differences for cognitive ability (Motowidlo & Tippins, 1993; Pulakos & Schmitt, 

1996), indicating their potential to aid in the reduction of the racial achievement gap.  

Though there are various types of SJTs and various approaches in the design of the 

question, the general structure presents a scenario to test-takers; the test-takers then rates 

different courses of actions, either based on what action they are most likely to take or what they 

perceive to be the “best” course of action. In the case of hiring processes, scenarios for SJTs are 

typically designed around critical incidents of job performance collected from job incumbents, 

supervisors, customers, or other subject matter experts (Motowidlo, Dunnette, & Carter, 1990). 

When considering the design of the scenarios, developers consider various factors including 

specificity, brevity, complexity, and use of specific terminology. These factors can all affect the 

overall psychometric soundness of the item; for example, Reynolds et al. (2000) found that items 

with higher specificity had greater validity than broader items. Additionally, brief scenarios help 

reduce cognitive load, which may serve to reduce group differences (Sacco et al., 2000).  

After developing the scenarios, SMEs are often asked open-ended questions regarding 

their anticipated response to each scenario (Motowidlo et al., 1997). Response options are then 

designed with relation to the input from SMEs. Questions presented as “what should you do,” as 

opposed to “what would you do,” are more representative of maximal performance (McDaniel at 

al., 2007); additionally, would-type questions ask test-takers to predict their own behavior 

(Brooks & Highhouse, 2006), which is often a biased judgment. Regarding response format, 
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SJTs typically follow one of three structures: rate, rank, and select most/least (or best/worst). The 

response format has been shown to shape the mental processing and response behavior from 

respondents. In Ployhart’s 2006 paper, the predictor response model revealed that respondents 

engage in four processes when responding to SJTs: comprehension, retrieval, judgment, and 

response. When examinees use the rank format or the most/least format, similar to the SJTs used 

in this paper, they make comparative judgments that may require multiple iterations before an 

examinee decides on a final response. After completing the comparative process, examinees must 

remember their tentative judgments and decide on the relative effectiveness of each option. As a 

result, the rank-order and most/least response formats require higher levels of information 

processing than the rate format.  

According to Patterson and colleagues (2012), SJTs are designed to assess an applicant’s 

judgment in various workplace situations in a manner that “targets professional non-academic 

attributes rather than clinical knowledge.”  To this end, they are similar to Likert items in that 

they are subjective and measure noncognitive skills; SJTs, however, measure the noncognitive 

skill in a way that does require some background knowledge and require a cognitive load. 

Therefore, at their foundation, SJTs are multidimensional, as much research has highlighted 

(Chan & Schmitt, 2002; Weekley & Ployhart, 2005; McDaniel et al., 2001). Because of the 

complexity of their structure, SJTs are psychometrically difficult to interpret and score.   

SJTs are generally considered to be a measurement method rather than a measure of one 

particular construct (Arthur & Villado, 2008; McDaniel & Nguyen, 2001). It is very difficult to 

determine what construct(s) a particular SJT is measuring. One potential complication in 

determining the construct validity of SJTs is that they are low-fidelity simulations (Lievens & 

Patterson, 2011) made of critical incidents (McDaniel & Nguyen, 2001; Weekley, Ployhart, & 
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Holtz, 2006; Ployhart & MacKenzie, 2011) for the job in question. Though SJTs vary across tests 

and contexts, many of the core steps remain the same. “Critical incidents” (Flanagan, 1954) are 

first developed from subject matter experts (SMEs); these are derived from a variety of 

professional situations. Next, the constructs to be assessed using the SJTs are identified (Lievens 

& Motowidlo, 2016); next, the critical incidents are sorted into the stems of the SJTs before they 

are assembled into a survey to be administered to a new group of SMEs that are to identify the 

possible responses to these situations. Lastly, the responses are sorted to include multiple 

responses to each situation and to span on a range of effectiveness (McDaniel & Nguyen, 2001).  

Hanson et al. (1998) note that not all “wrong” SJT answers are equally poor and chose to 

score SJTs by assigning each response option its own mean effectiveness rating, as defined by 

SMEs. This method gives partial credit for choosing answers other than the best answers. Other 

methods have been developed over the years, including rank-ordering the response options 

according to their effectiveness (Weekley et al., 2004). The rank-ordering of the responses by 

respondents is compared to SMEs rank-ordering using Spearman’s rank-order correlations. 

Rank-ordering the responses provided better validity than did the “pick the best” method or the 

“pick best/pick worst” methods (Weekley, Ployhart, & Holtz, 2006). Similarly, Chan and Schmitt 

(2002) had respondents rate various responses on a six-point effectiveness scale. These ratings 

were then compared to SME ratings and assigned a score of 1, 2, or 3 depending on the 

percentage of agreement between the response and the SME choice. McDaniel and Nguyen 

(2001) note that there several potential advantages to using this Likert-type scale in SJTs, 

although it is less common than the multiple-choice methods. Because respondents often rate 

each response option of every time, the Likert-type methods produce more scores. Also, because 

the Likert-type approach allows for the accumulation of response option ratings across various 
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simulations, it can enable the SJTs developer to measure more homogenous constructs within a 

single SJT.  

At their foundation, SJTs are multidimensional, as much research has highlighted (Chan 

& Schmitt, 2002; Weekley & Ployhart, 2005; McDaniel et al., 2001). Additionally, theory 

suggests that SJTs are within-item multidimensional; that is, items in the test measure more than 

one dimension (Ackerman et al., 2005). This is in contrast to between-item multidimensionality, 

which occurs when multiple items in a test measure multiple dimensions, but each item is 

multidimensional. The application of within-item multidimensionality is not commonly adopted 

in educational testing and the science is disputed (Baghei, 2012). The SJTs utilized in the 

proposed study are also multidimensional at the response level, as they are scored on a 

continuous scale. These layers pose many problems to the most commonly utilized psychometric 

approaches to item analysis.  

2.5 Multidimensional Approaches to SJT Analyses  

SJT research is often unclear and findings are inconclusive; this is likely because there is 

an absence of appropriate analytic methods for assessing measures such as these, which are 

fundamentally multidimensional. An underlying assumption of many tests that establish 

psychometric soundness is that the measure is unidimensional; that is, statistical analyses assume 

that a test measures a single construct, domain or skill. According to Schmitt and Chan (2006), 

practical situations are complex, so good judgment in these situations is likely to be a function of 

multiple narrowly defined traits and abilities. This, they suggest, may explain findings from SJT 

studies showing low internal consistency and low test variance accounted for by the single 

general factor in factor analyses (Schmitt & Chan, 2006). In factor analysis, researchers assume a 

simple structure in the solution when they search for interpretable factors to represent 
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meaningful dimensions of SJTs; however, due to the multidimensional structure, factor analytic 

techniques often lead to uninterpretable results (Chan & Schmitt, 2002). Because of the 

shortcomings of factor analytic techniques with regard to SJTs, there is little understanding about 

the internal structure of SJTs, which prohibits further psychometric analyses; this reduces the 

likelihood of SJTs being included in educational settings, despite their relevance to both 

cognitive and noncognitive achievement.  

2.6 A Review of Multidimensional Item Response Theory 

Given the limitations of unidimensional approaches for SJT research, it is important to 

consider the multidimensional approaches that are available. One natural extension of 

unidimensional Item Response Theory (UIRT) is multidimensional Item Response Theory 

(MIRT). The most commonly used UIRT models include the one-parameter (1PL) model, the 

two-parameter (2PL) model and the three-parameter (3PL) model (Hambleton et al., 1991; Lord, 

1980). The 1PL and 2PL models are nested within the 3PL model. The probability that examinee 

𝑗 answers item 𝑖 for all 𝑗 = 1, … , 𝑁 and 𝑖 = 1, … , 𝑛 for the 3PL model is given as:  

𝑃𝑖(𝜃𝑗) = 𝑃(𝑌𝑖𝑗 = 1|𝜃𝑗) =  𝑐𝑖 + (1 − 𝑐𝑖)
exp {𝑎𝑖(𝜃𝑗−𝑏𝑖)}

1+exp {𝑎𝑖(𝜃𝑗−𝑏𝑖)}
,    [Equation 1] 

where 𝑌𝑖𝑗 is the dichotomously scored response of person 𝑗 to item 𝑖, 𝜃𝑗 is the latent ability of 

person 𝑗, 𝑎𝑖 is the discrimination of item 𝑖, 𝑏𝑖 is the difficulty of item 𝑖 and 𝑐𝑖 is the guessing 

parameter for item 𝑖 is 0 ≤  𝑐𝑖  ≤ 1. The 2PL can be derived from the 3PL model by 

constraining the guessing parameters 𝑐𝑖 = 0 for all 𝑖 and the 1PL model can be obtained by 

setting all item discrimination parameters equal to a common value (𝑎𝑖 = 𝑎). For example, the 

Rasch model, which is a special case of the 1PL model, sets all 𝑎𝑖 to 1 for all 𝑖 (Brown et al., 

2015).  
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Reckase (1997) argues that MIRT can be viewed as either an extension of unidimensional 

IRT (UIRT), or an extension of factor analysis. MIRT models differ from UIRT models in that 

they have a linear combination of θ-coordinates, a vector of parameters that describes a test-

takers location in the multidimensional space, as opposed to a single θ-coordinate, the 

individual’s ability (Reckase, 2009). Because of the inherent multidimensional nature of SJTs, 

UIRT is not an appropriate method to employ with this data; however, factor analytic techniques 

allow for an assessment of the internal structure of the items and, thus, can yield informative 

findings.  

Reckase (2009) defined two MIRT models– compensatory and noncompensatory. 

Compensatory models allow an examinee to overcome shortcomings on one trait with increased 

standing in another dimension, increasing the probability of a correct item response. 

Noncompensatory models restrict an examinee’s performance across the multidimensional space 

so that increased standing in one dimension cannot compensate for low standing on a different 

trait. Compensatory-based MIRT models are most commonly used (Reckase, 2009). The most 

simplified MIRT model can be written as:  

𝑃(𝑢𝑖 = 1|𝜃𝑗 , 𝑎𝑖 , 𝑑𝑖) =  
𝑒

1.7(𝑎𝑗
′𝜃𝑗+𝑑𝑖)

1+𝑒
1.7(𝑎𝑗

′𝜃𝑗+𝑑𝑖)
,      [Equation 2] 

where 𝑎𝑖
′ represents a vector if item discrimination parameters for item i and 𝑑𝑖 represents the 

item intercept parameter (Immekus et al., 2019).  

Reckase (1997) describes MIRT as an analytic technique that accurately models the 

relationship between test takers and test items when the items are located along multiple 

dimensions. MIRT is represented by a broad class of models that are designed to categorize a 

test-taker’s likelihood of an item response based on item parameters and various latent traits 

(Immekus, Snyder, & Ralston, 2019).  Multidimensionality of a test can be either within-item or 
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between-item multidimensionality. Within-item multidimensionality occurs when the items on a 

test each measure more than one dimension (Ackerman, Gierl, & Walker, 2003), while between-

item multidimensionality occurs when the test is multidimensional in totality, but each item only 

measures one dimension (Hartig & Hohler, 2008). As noted in the previous section, little is 

known about the appropriate analytic approach for within-item multidimensionality.  

Outside of the unidimensionality assumption, MIRT models share the same assumptions 

as IRT models. These assumptions include: (1) the probability of a correct response to an item 

increases as θ increases, or the monotonicity assumption, and (2) item responses are dependent 

on a test taker’s θ estimate and the parameters of the item, not on the responses to any other item 

on the test (the local independence assumption) (Reckase, 2009). 

 The estimates of IRT parameters undergo changes when shifting to a multidimensional 

space. The item discrimination parameter (𝑎) in IRT models is an indicator of how well the item 

distinguishes between test-takers with differing levels of θ. Contrastingly, in MIRT models, 

Reckase (2009) describes the 𝑎 parameters as an indicator of the orientation of “equiprobably 

contours and the rate that the probability of a correct response changes from point to point in the 

θ-space” (p. 89). That is, the 𝑎 parameters in MIRT indicate how the probability of answering an 

item correctly increases as an element in the θ vector increases. Likewise, the 𝑏-parameter for 

UIRT and MIRT is the same, though it is referred to as MDIFF in MIRT literature (Reckase, 

2009). In MIRT, the d parameter does not provide a unique location for an item because there are 

several locations in the space that would yield the same results (Reckase, 2009). The 𝑑-

parameter is not like the difficulty parameter in the UIRT model because it does not yield a 

unique indicator of the difficulty of an item; rather, the “negative of the intercept term divided by 
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an element of the discrimination parameter vector” (p. 89) shows the relative difficulty of an 

item as it relates to the coordinate dimension.  

Little is known about the response processes that govern the ways in which individuals 

respond to SJT items. For instance, if a particular item includes several skills, are test takers 

required to master all of the skills to produce the most accurate response (i.e., a non- 

compensatory model)? Or, could master of one of the skills compensate for the absence of 

mastery of the other skills (i.e., compensatory model)? Sorrel et al. (2016) discussed the 

importance of employing CDMs when evaluating validity and reliability of SJTs. The research is 

theoretical, noting that CDMs would overcome the limitations of current psychometric methods, 

but not conducting the appropriate analyses. No study has yet measured SJTs with CDMs; we 

especially lack research that asses the difference between CDM and MIRT results with respect to 

SJTs, or any noncognitive assessment approach. The argument to employ CDMs, though, is a 

strong one and, therefore, should be appropriately assessed.  

2.7 A Review of Cognitive Diagnostic Models 

CDMs are latent trait measurement models that have recently received more attention in 

academia and research. This is likely due, in large part, to their ability to provide detailed 

feedback regarding the response patterns and skill mastery maintained by the respondents to a 

given assessment. The information provided by CDMs is often used to diagnose students’ 

strengths and weaknesses, allowing teachers and practitioners to design instruction and 

intervention for students. Though CDMs share many features with other models such as IRT, and 

can be viewed as an extension of IRT, and Confirmatory Factor Analysis (CFA), an important 

difference between CDMs and the models that preceded them is the conceptualization of latent 

traits as categorical rather than continuous (Garcia, Olea, & de la Torre, 2014). CDMs allow for 
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inferences about the underlying cognitive processes that are required in order to respond to an 

item in a certain way (correctly/incorrectly) and the ways in which these processes interact; they, 

therefore, establish a link between cognitive psychology and statistical modeling. The 

information provided by these models has been used in educational settings to diagnose students’ 

strengths and weaknesses, acting as a teaching tool and intervention tool for teachers and 

intervention specialists (Leighton & Gierl, 2007). CDMs, however, remain underutilized for two 

main reasons (de la Torre, 2009): (1) as compared to traditional IRT models, the novelty and 

sometimes increasing complexity of CDMs is off-putting to individuals outside of the field of 

psychometrics and (2) computer programs for CDMs are not as readily available as they are with 

IRT models. Despite the validity to these arguments, it is worth exploring the comparison of 

MIRT, a more complex approach to IRT, and CDM, a more robust approach to and extension of 

MIRT.  

CDMs are multidimensional, categorical latent-trait models that allow for the 

examination of mastery and non-mastery of various skills (e.g., competencies, knowledge, 

cognitive process). While traditional IRT models involve continuous latent variables, CDMs use 

latent variables that are binary, as they are defined as mastered or not mastered, often referred to 

as “attributes.” The number of attributes, K, and the attribute profile of respondent i is denoted by 

𝛼i = { 𝛼i1, 𝛼i2, … 𝛼jk}, where 𝛼jK = 1 or 0 represents mastery or nonmastery, respectively, of 

attribute k. The loading structure of a CDM, known as a Q-matrix (Tatsuoka, 1983), is a mapping 

structure that indicates the key skills required to successfully answer each item.  

In 2011, de la Torre proposed a general CDM called the generalized deterministic inputs, 

noisy “and” gate (G-DINA), which describes the probability of success on item j in terms of the 

sum of the effects of the attributes involved and their interactions. The G-DINA model subsumes 
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other commonly encountered CDMs, including the DINO (deterministic input noisy “or” gate; 

Templin & Henson, 2006) and DINA (deterministic input, noisy “and” gate; Haertel, 1989) 

models. The G-DINA model considers both the unique effects of the attributes in addition to the 

combined effects of two or more attributes at once (Yamaguchi & Okada, 2018). Denoting the 

𝑙th attribute mastery pattern for item 𝑗 as 𝛼𝑙𝑗
∗ (𝑙 = 1, … , 𝐾𝑗

∗), which represents a vector 

comprising 1s for mastered attributes and 0s for nonmastered attributes. 𝐾𝑗
∗ indicates the number 

of attributes for item 𝑗. Then, the probability of a correct response 𝑋𝑗 = 1 for respondents with 

attribute mastery pattern for vector 𝛼𝑙𝑗
∗  for item 𝑗 is given as: 

𝑃𝑗(𝛼𝑙𝑗
∗ ) = Pr(𝑋𝑗 = 1|𝛼𝑙𝑗

∗ ) =  𝛿𝑗0 + ∑ 𝛿𝑗𝑘𝛼𝑙𝑘 + ∑ ∑ 𝛿𝑗𝑘𝑘′𝛼𝑙𝑘𝛼𝑙𝑘′ + ⋯ +
𝐾𝑗

∗−1

𝑘=1

𝐾𝑗
∗

𝑘′=𝑘+1

𝐾𝑗
∗

𝑘=1

 𝛿𝑗12∙∙∙𝐾𝑗
∗ ∏ 𝛼𝑙𝑘

𝐾𝑗
∗

𝑘=1 ,     [Equation 3] 

where 𝛿𝑗0 is an intercept representing the correct response probability if a respondent has not 

mastered an attribute needed to correctly respond to the item. The main effect term 𝛿𝑗𝑘 represents 

the increment of correct response probability when a respondent has the 𝑘th attribute 𝛼𝑘. The 

first order interaction term 𝛿𝑗𝑘𝑘′ represents the amount of change in the probability of a correct 

response when a respondent has both attributes 𝛼𝑘 and 𝛼𝑘′ (Yamaguchi & Okada, 2018; de la 

Torre, 2011).  

The DINA model is a noncompensatory model that differentiates respondents who 

mastered all attributes and those who are lacking at least one attributes, whereas the DINO is a 

compensatory model that differentiates respondents who master at least one measured attribute 

and those who are lacking all measured attributes. The traditional form of the DINA model is 

𝑃(𝑌𝑖 = 1 |𝛼) = (1 − 𝑠𝑖)
𝜂𝑖 𝑔𝑖

(1−𝜂𝑖)
, where 𝜂𝑗 indicates whether examinee 𝑗 has mastered all 

attributes needed to answer item 𝑖 correctly. The item-related parameters 𝑠𝑖 and 𝑔𝑖  represent the 
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slipping (failing to answer item 𝑖 correctly despite having mastered the required skills) and 

guessing (answering item 𝑖 correctly despite not having mastered the required skills), 

respectively (Kohn & Chiu, 2016). The traditionally parameterized form of the DINO model is 

𝑃(𝑌𝑖 = 1 |𝛼) = (1 − 𝑠𝑖)
𝜔𝑖𝑔𝑖

(1−𝜔𝑖)
, where 𝜔𝑖 indicates whether at least one of the attributes 

associated with item 𝑖 has been mastered ([Equation 4]).  

As an extension of MIRT, CDMs might be a more appropriate tool for SJTs and can 

overcome the within-item multidimensionality blind spot. Garcia, Olea, and de la Torre (2014) 

showed that CDMs could achieve an accurate fit of SJT data and the scores obtained could be 

properly interpretable, which is not the case with factor analytic techniques. An appropriate 

comparison of MIRT and CDM approaches has yet to be explored. Though related, there 

continues to be uncertainty around the necessary model complexity when analyzing noncognitive 

assessments. However, CDMs are most often modeled with a binary Q-matrix – mastery or non-

mastery of the skills. Additionally, SJTs require a bit of data manipulation due to their continuous 

responses and polytomous data structures. To analyze polytomous data using CDMs, a common 

strategy is to convert polytomous data into dichotomous data (Lee et al., 2011); after the 

conversion, existing CDMs for dichotomous data can be employed, but this can lead to a loss of 

information and reduce classification accuracy (Ma & de la Torre, 2016).  

2.8 Polytomous Approaches to CDMs  

In the case of polytomous approaches to CDMs, both with polytomous Q matrices and 

polytomous CDMs, little research has been done to date. Chen and de la Torre (2018) discussed 

the general polytomous diagnosis model (GPDM), which combined the commonly used G-DINA 

modeling derived from dichotomous responses with item-splitting processes for polytomous 

responses. In addition, the G-DINA monotonicity constraint stating that examinees with more 
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attributes do not have lower probability of success was extended to polytomous responses, 

resulting in a saturated model that subsumes various saturated and reduced forms of both 

polytomous and dichotomous responses. The GPDM splits items based on the difference of the 

cumulative probability between response categories. The probability of examinees responding 𝑐, 

conditional on reduced attribute vector 𝜼𝑗ℎ is 𝑃(𝑋𝑗 = 𝑐|𝜼𝑗ℎ =  𝑃𝑐(𝜼𝑗ℎ) with ∑ 𝑃𝑐(𝜼𝑗ℎ) = 1
𝐶𝑗−1

𝑐=0  

(Chen & de la Torre, 2018).  

The GPDM reduces to the G-DINA model for dichotomous responses, but there are more 

reduced models within the GPDM context than under the G-DINA model because of the 

complexity of polytomous responses that are allowed under the GPDM model. The GPDM 

framework uses a 𝐽 items x 𝐾  dichotomous attributes Q-matrix with 𝐿 =  2𝐾 attribute patterns. 

The polytomous responses for item j denoted as 𝑋𝑗 = 𝑐 with 𝐶𝑗 response categories where 𝑐 =

0, … 𝐶𝑗 − 1; in the case of polytomous responses, one can specify 𝑞𝑗𝑘 as 1 if mastery of attribute 

𝑘 is required to respond c or above on item 𝑗, and 0 if otherwise. They noted an important next 

step would be to assess whether Q-matrix validation procedures under dichotomous contexts can 

be extended to polytomous responses.  

The research (Chen & de la Torre, 2018) proposes to specify 𝑞𝑖𝑘 (the element in row j and 

column 𝑘 of the Q-matrix) as 1 if mastery of attribute 𝑘 is required to respond 1 or above item j 

and 0 otherwise. Instead of specifying each item category, one only needs to specify the 

polytomous items similar to dichotomous items in the Q-matrix. For modeling with polytomous 

responses, the authors noted that it is convenient to split the polytomous item with 𝐶𝑗 response 

categories into 𝐶𝑗 dichotomous sub-items. Each of the sub-items can then be formulated using 

models for dichotomous responses.  
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Chen and de la Torre (2018) stated that the DINA model for polytomous responses 

(PDINA) can be expressed as 

𝑃𝑐(𝜂𝑗ℎ) =  𝛽𝑗𝑐0 + 𝛽𝑐𝑗2…𝐺𝑗
∏ 𝜂𝑔ℎ

𝐺𝑗

𝑔=1       [Equation 5] 

with 2(𝐶𝑗 − 1) parameters per item, 𝑔𝑗𝑐 =  𝛽𝑗𝑐0 and 𝑠𝑗𝑐 = (1 − 𝛽𝑗𝑐0 − 𝛽𝑐𝑗2…𝐺𝑗
) as the guessing 

and slip parameters for Category 𝑐. The item parameters for the PDINA model can be linearly 

transformed from 𝑃𝑗𝑐̂ using the design matrix  

𝐷𝑗(𝐻𝑗×2) =

1 0
1 0
⋮ ⋮
1 0
1 0

 

 

Prior to the PDINA and PDINO model specifications, Chen and de la Torre developed the 

pGDINA model (2013), which is a general model that subsumes various reduced models. The 

pGDINA model accommodates for expert-defined polytomous attributes, in which attribute 

levels are defined prior to the data-fitting process, as is true of the SJTs used in this study. As 

with the GDINA model, let 𝐾𝑖
∗ =  ∑ 𝐼(𝑞𝑗𝑘 > 0)𝐾

𝑘=1  to denote the number of required attributes 

for item 𝑖, 𝐼(∙) is the indicator function and 𝐾𝑖
∗ are the attributes required for item 𝑖. The required 

attributes for item 𝑖 is represented by the reduced vector 𝛼𝑙𝑗
∗ = (𝛼𝑙1

∗ , … , 𝛼𝑙𝐾𝑗
∗

∗ ) where 𝑙 =

1, … , 𝑀𝐾𝑖
∗
 and 𝑀𝐾𝑖

∗
represents the number of unique attribute patterns. The saturated form of the 

pGDINA model can be expressed as 

𝑃(𝛼𝑙𝑘
∗∗) =  𝛿𝑖0 + ∑ 𝛿𝑖𝑘

𝐾𝑖
∗

𝑘=1 𝛼𝑙𝑘
∗∗ + ∑ ∑ 𝛿𝑖𝑘′𝛼𝑙𝑘

∗∗𝛼𝑙𝑘′
∗∗ + ⋯ + 𝛿𝑖1,…,𝐾𝑖

∗ ∏ 𝛼𝑙𝐾𝑖
∗

∗∗𝐾𝑖
∗

𝑘=1

𝐾𝑖
∗

𝑘=1

𝐾𝑖
∗

𝑘′>𝑘
, 

 [Equation 6] 
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where 𝛼𝑙𝑘
∗∗ is the collapsed attribute vector, 𝛿𝑖0is the intercept for item 𝑖, 𝛿𝑖𝑘 is the main effect due 

to 𝛼𝑙𝑘
∗∗, 𝛿𝑖𝑘𝑘′ is the interaction effect for 𝛼𝑙𝑘

∗∗ and 𝛼𝑙𝑘′
∗∗ , and 𝛿𝑖1,…,𝐾𝑖

∗ is the interaction effect due to 

𝛼𝑙1
∗∗, … , 𝛼𝑙𝐾𝑗

∗
∗∗  (Chen & de la Torre, 2013).  

Only a few polytomous CDMs have been developed to deal with polytomous items; von 

Davier’s (2008) general diagnostic model (GDM) allows polytomous items and polytomous 

attributes, while other models focus on only polytomous responses. GDM, though, is the least 

studied general CDM and its link to other reduced models is unclear, which is not true of other 

polytomous CDMs (Henson et al., 2009). The GDM extends IRT models to multivariate, 

polytomous skill profile models. The Q-matrix for the class of GDMs allows non-integer entries 

as well as polytomous item responses and polytomous attributes. In the GDM, let 𝑄  = (𝑞𝑖𝑘) =

1, … , 𝐼; 𝑘 = 1; … 𝐾I be an 𝐼 𝑋 𝐾 matrix with real-valued 𝑞𝑖𝑘. The class of GDM is given by  

 

𝑃𝑖(𝑥 |𝒂) =  𝑃(𝑥 |𝛽𝑥𝑖𝑔, 𝑞𝑖 , 𝛾𝑖𝑔, 𝒂) =  
𝑒𝑥𝑝 [𝛽𝑥𝑖𝑔+ 𝛾𝓍𝑖𝑔∙

𝑇  𝒉(𝑞𝑖,𝒂)]

1+ ∑ 𝑒𝑥𝑝 [𝛽𝑥𝑖𝑔+ 𝛾𝑥𝑖𝑔∙
𝑇  𝒉(𝑞𝑖 ,𝒂)]𝑚

𝑦=1
  [Equation 7] 

 

with difficulty parameter 𝛽𝑥𝑖𝑔 and with a 𝑘 -dimensional slope parameter 𝛾ig for 𝓍 ∈{1, 2, …, 

mi}; 𝑔 is a population indicator allowing the model to be written as either a multiple group model 

or a discrete mixture model. Given a non-zero Q-matrix entry, the slopes 𝛾𝑖𝑥𝑔∙determine how 

much of the skill components in 𝒂 = (𝑎1, … 𝑎𝑘) contribute to the response probabilities for item 𝑖 

in population 𝑔.  

 Additional polytomous CDMs include de la Torre’s 2010 partial credit DINA (PC-DINA) 

model, von Davier’s GDM for graded responses (pGDM; 2018), the nominal response diagnostic 
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model (NRDM; Templin et al., 2008), the polytomous LCDM (Hansen, 2013), Ma and de la 

Torre’s (2016) sequential process model for constructed-response items.  

 Though not relevant to the design of this study, there are some Q-matrix extensions for 

polytomous and continuous attributes; it is worth exploring these superficially in order to fully 

represent the evolution of CDM literature. With regard to Q-matrices that require specification 

beyond mastery and nonmastery, some workarounds have been established, but applied studies 

have not yet been established. Zhou et al. (2020) define 𝑞𝑖𝑘as the number of times an attribute k 

is required to correctly answer item 𝑖. An item can require primary and secondary, and 

sometimes tertiary, attributes to achieve a “correct” answer; in the case of noncognitive 

assessments, “correctness” can more accurately be defined as maximum possession of a skill or 

attribute. Zhou et al.’s Q-matrix defines primary attributes to play the most important role in 

correctly answering a question. In cases of secondary and tertiary attributes, a Q-matrix can be 

developed that employs polytomous values and thresholds to indicate the level of attribute 

required.  

The Q-matrix entry for the GDM (von Davier, 2008) 𝑞𝑖𝑘  determines to what extent 

attribute 𝑘 is required for item 𝑖 if it is required at all. If skill 𝑘 is required to answer item 𝑖 

correctly, then 𝑞𝑖𝑘  > 0; if 𝑘 is not required, then 𝑞𝑖𝑘= 0. The ℎ maps the skills-level 𝒂 = (𝑎1, … 𝑎𝑘) 

using the Q-matrix entries; the ℎ specify how Q-matrix entries contribute to the impact of a 

particular skill pattern on conditional response probabilities 𝑃(𝑋 = 𝑥|𝛽𝑖 , 𝑞𝑖 , 𝛾𝑖 , 𝒂). In the case of 

ℎ for IRT type models, only the skills with 𝑘 non-zero Q-matrix values contribute to the response 

probabilities (𝑋 = 𝑥|𝛽𝑖 , 𝑞𝑖 , 𝛾𝑖 , 𝒂) of item 𝑖 Therefore, it is appropriate only for Q-matrixes with 

0/1 entries combined with various skill level choices. With integer or real-valued Q-matrices, 

von Davier notes that a useful choice is [ℎ𝑘(𝑞𝑖𝑘, 𝑎𝑘) = min (𝑞𝑖𝑘 , 𝑎𝑘)], employing the minimum 
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of 𝑞 and 𝑎 so that it can be used when skills assessments with Q-matrices entries represent a 

sufficient level for skill 𝑘 on item 𝑖. While this approach is closely related to polytomous Q-

matrices, he states that one of the shortcomings of the work is that the Q-matrix does not allow 

the user to define and assess separable skills. Additionally, the evidence provided in the paper 

does not focus on polytomous responses to polytomous items.  

Developments around polytomous CDMs provide promise with regard to the 

implementation of noncognitive assessments. By incorporating a multidimensional model with a 

CDM that can account for polytomous response items, we are able to establish a measurement 

model that can accurately fit noncognitive assessment data. Up to this point, measurement 

experts have been trying to fit a square peg in a round hole with regard to noncognitive 

assessments; applying unidimensional models and dichotomizing what is meant to be 

polytomous data has resulted in an overwhelming gap in knowledge. In exploring the models 

proposed by experts in the field and assessing the conditions under which they best perform, the 

science surrounding noncognitive assessment can move forward, enabling the broader adoption 

of such assessments.   
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Chapter 3: Methodology 

3.1 Measure 

In response to the dearth of appropriate measurement tools, the Network for Teaching 

Entrepreneurship (NFTE) developed a noncognitive assessment with ETS in 2014 that measured 

what test developers defined as the entrepreneurial mindset. The psychometrically reliable 

measure (Gold & Rodriguez, 2018), called the Entrepreneurial Mindset Index (EMI), scores 

students on eight domains: (1) Communication and Collaboration, (2) Creativity and Innovation, 

(3) Comfort with Risk, (4) Problem Solving, (5) Future Orientation, (6) Opportunity 

Recognition, (7) Flexibility and Adaptability, and (8) Initiative and Self Reliance. After piloting 

and redesigning, the EMI was fully realized and administered across NFTE’s schools in the 

2016-2017 school year. Two of the domains, Flexibility and Adaptability (FA) and Initiative and 

Self-Reliance (ISR) were originally designed as Likert items, consistent with the measurement of 

the other six domains, but the psychometric backing behind those items was lacking; as a result, 

SJTs have been employed to measure these domains.  

 For each of the two domains measured with SJTs on the EMI, there are three blocks of 

questions; each block has four response items, making for a total of 24 SJT items. The items are 

designed to measure FA and ISR, with situations developed by Subject Matter Experts (SMEs) 

that are connected to each of those domains. An example of an SJT item from the EMI can be 

found in Appendix A. Each single item is assessed on two factors, adaptability and effectiveness. 

When a test-taker responds with “Very Effective” to an item that is considered Highly Adaptive 

and Highly Effective (HAHE), he or she received the optimal number of points (4). If the test-

taker responds to a HAHE item with “Effective,” 3 points are allotted; one point is lost for every 

degree further that the respondent gets to the correct answer of “Very Effective.” A Highly 
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Adaptive and Low Effective (HALE) item is considered “correct” and is worth 4 total points 

when a respondent chooses “Not Effective;” a Low Adaptive and High Effective (LAHE) item is 

considered “correct” when a respondent chooses “Effective;” a Low Adaptive and Low Effective 

(LALE) item is considered “correct” when a respondent chooses “Not At All Effective.” Because 

the scoring method is made up of two components and the domains are multifaceted, there is 

justification to compare two-, three-, and four-factor models. For the purposes of this study, the 

scoring was dichotomized for the base model, in which students who earned 4 points in the 

original scoring method would earn 1 point (or “correct”) and all other options would earn 0 

points (or “incorrect”). The SJT employed in this study utilizes a scoring method referred to as 

“distance scoring.” This method of scoring awards a respondent with the maximum number of 

points if he or she chooses the most appropriate response to the item stem; respondents that 

choose the second-best response in either direction lose one point from the maximum number of 

points; one point is lost for each degree away an individual is from the optimal response. For the 

polytomous models, response categories were collapsed when response frequencies were low. 

This data transformation is visualized in Table 1.   

Table 1.  

SJT Scoring Transformation  
Not At All 

Effective 

Not Effective Neither 

Effective Nor 

Ineffective 

Effective Very Effective 

0 → 0  1 → 0  2 → 1 3 → 1 4 → 2 

3 → 1 4 → 2 3 → 1 2 → 0 1→ 0  

1 → 0  2 → 0  3 → 1 4 → 2 3 → 1 

4 → 2 3 → 1 2 → 1 1 → 0 0 → 0 

Note: The numbers on the right of the arrows are applied for polytomous CDMs after frequency 

of responses were observed and response options were collapsed.  

 

There are some double meanings, as “adaptability” is a part of one of the domains 

measured, while also being a part of the scoring metric, and “effectiveness” being how the test-
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takers evaluate the response items, while also being a part of the scoring metric; the names are 

somewhat arbitrary, but the close connection between scoring, the domains, and the question 

design highlights the fundamental complexity of SJTs. An example of one of the item blocks is 

shown in Figure 1.  

Figure 1 

SJT Example Measuring Initiative & Self-Reliance 
Carla operates a gluten-free bakery after school and earned $125 in the month of May. She is expecting to earn 

at least $200 in the month of June. However, she has a lot of other school commitments and will struggle to 

find the time to dedicate to her bakery. How would you rate the effectiveness of the following options if you 

were Carla? 

 Not At All 

Effective 

Not Effective Neither 

Effective Nor 

Ineffective 

Effective Very Effective 

Come up with a 

detailed 

schedule that 

outlines how 

she can manage 

her time in 

June to both 

fulfill the 

bakery orders 

and complete 

her school 

commitments.  

0 1 2 3 4 

Brace herself 

that it will be a 

busy month and 

take things as 

they come.  

3 4 3 2 1 

Pay someone 

else to handle 

the bakery 

orders in June. 

1 2 3 4 3 

Take a month 

off from the 

bakery and 

hope things 

calm down in 

July.  

4 3 2 1 0 

Note: Each subitem utilizes distance scoring, with the maximum number of points being four. 

 Because noncognitive assessments are inherently multidimensional, SJTs require a 

multidimensional approach; however, because of the nature of these particular SJTs, with their 
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scoring method existing on a continuous scale, they also require the approach to consider 

polytomous responses. To date, there has not been an exploration of CDM approaches that use 

polytomous items with polytomous responses on polytomous attributes (Gao et al., 2021). The 

proposed study will determine the best ways to incorporate the established polytomous and 

multidimensional approach to best assess SJTs.  

3.2 Sample 

 The sample was obtained through historical NFTE records from the 2017-2018 

schoolyear, including 2,575 observations from 6th through 12th graders across the United States 

who had enrolled in the NFTE course. NFTE students either elect to take NFTE or are placed in 

a NFTE course due to scheduling or required courses; NFTE is offered as either a stand-alone 

course or as a hybrid with a pre-existing course such as Accounting. The curriculum focuses on 

business essentials; however, many students do not go on to start their own businesses, so NFTE 

shifted focus to noncognitive skills in general, the entrepreneurial mindset specifically. These 

skills are considered to be more transferable than the business knowledge that the curriculum had 

highlighted before the development of the EMI.  

 The sample of students is composed of 1.9% 6th graders, 4.6% 7th graders, 4.8% 8th 

graders, 8.8% 9th graders, 14.8% 10th graders, 27.9% 11th graders, and 27.03% 12th graders. The 

sample was also racially diverse, with 10.5% of students identifying as White, 34.4% identifying 

as Hispanic, 27% identifying as Black, 11.5% identifying as Asian, and the remaining 17% 

identifying as more than one race. 49.7% of the sample identify as female, 49.4% identify as 

male, and the small remaining percentage specified their gender identity. All observations with 

missing data were removed prior to analyses.  

3.3 Analyses Plans 

1. Classical Test Theory  
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In its current state, the EMI and its SJTs are assessed using Classical Test Theory (CTT). 

Respondents are graded on a single score and then their decision making effectiveness is 

assessed by that single summed score. When the EMI’s development began in 2014, the team of 

researchers employed CTT methods to assess the piloted assessment; these practices resulted in 

the decision to move away from Likert items for the Flexibility & Adaptability and Initiative & 

Self-Reliance domains. As a result, the analyses for this project begin with a CTT approach to 

assess the SJTs. CTT analyses were performed in R using the CTT package (Willse, 2018).  

The foundational theory of CTT considers that each respondent has a true score that is 

impacted by some error, resulting in the observed score on an assessment. CTT is represented by 

the formula 𝑋 = 𝑇 +  𝐸, where 𝑋 represents the observed score, 𝑇 represents a respondent’s true 

score and 𝐸 represents an error term. The model assumes that the expected value of the random 

errors is zero and that the true score is not correlated with the random errors, errors on alternate 

forms of the test, and with other measures.  

CTT predicts the outcomes of a test, including item difficulty and discrimination, to improve 

the reliability of the overall test. For dichotomously coded responses, the difficulty index, 𝑝, is 

calculated by the ratio of the number of persons who have answered the item correctly to the 

total number of test takers. The 𝑝-value of an item is represented by the formula 𝑝𝑖 =  
𝐴𝑖

𝑁𝑖
, where 

𝐴𝑖 is the number of correct responses to item 𝑖 and 𝑁𝑖 is the total number of responses. When an 

item allows for partial credit, 𝑝 values are computed as the average relative item score (Brennan, 

2011). The Pearson point-biserial correlation (r-pbis) is a measure of discrimination of an item, 

ranging from -1.0 to 1.0. The item discrimination is a correlation of item scores and total raw 

scores. A negative r-pbis indicates a very poor item because it suggests that high-ability 

examinees are answering the item incorrectly, and vice versa (Brennan, 2011). Because of its 
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weak theoretical assumptions, CTT is easy to apply in many testing situations; however, it 

greatly undermines the multidimensionality of tests such as those that include SJTs. Unlike 

CDMs, the polytomous responses do not require the model to be specified in any other way 

when CTT methods are used. Unlike in the case of CDMs, the CTT framework remains 

consistent regardless if the items are polytomously or dichotomously scored. In the instance of 

item difficulty and discrimination, the interpretations and mathematical approaches do require 

some alterations when items are polytomously scored, however there is no need to extend the 

general CTT formula.  

2. Factor Analytic Approaches and Multidimensional Item Response Theory  

The next part of the study will implement EFA, CFA, and MIRT methods in order to evaluate 

the internal structure of SJTs. EFA and CFA procedures receive the most attention regarding 

procedures that gather factorial validity evidence in educational psychology (Immekus, Snyder, 

& Ralston, 2019). Unlike EFA, CFA is based on theories and hypotheses regarding the 

relationship between observed variables, test scores in this case, and the latent variables, 

noncognitive skills. CFA and IRT methods are related in that both are model-based approaches to 

characterize the relationships between observed and latent variables (Immekus, Snyder, & 

Ralston, 2019). Reckase (1997) argues that MIRT can be viewed as either an extension of 

unidimensional IRT (UIRT), or an extension of factor analysis. MIRT models differ from UIRT 

models in that they have a linear combination of θ-coordinates, a vector of parameters that 

describes a test-takers location in the multidimensional space, as opposed to a single θ-

coordinate, the individual’s ability (Reckase, 2009). Because of the inherent multidimensional 

nature of SJTs, UIRT is not an appropriate method to employ with this data; however, factor 
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analytic techniques allow for an assessment of the internal structure of the items and, thus, can 

yield informative findings.  

Both EFA and CFA are traditional methods for determining the underlying dimension of 

observed variables (Osteen, 2010). The most straightforward interpretations in factor analytic 

techniques require a simple structure, which occurs when each variable loads on only one factor 

(Finch, 2011). Because of this, factor analysis shows the ways in which a test measures multiple 

factors; each item, however, is constrained to be an indicator of only one factor. The 

multidimensional structure of SJTs call for items to load on more than one factor, as each item 

measures more than one construct. A theoretical framework was not developed for the SJTs 

utilized in this study; as a result, the EFA was performed in order to inform the appropriate 

number of factors for the CFA. The data was first split into training and testing datasets, with 

one-third of the data being applied to the EFA and two-thirds being applied to the CFA. In 

instances with theoretical frameworks, it is necessary only to run a CFA; however, to best 

understand the SJTs’ internal structure, the EFA was an appropriate first step.  

 Research by Chalmers (2012) found that the mirt() function in R is both efficient and 

accurate in its estimate of multidimensional models. The mirt package (Chalmers et al., 2023) in 

general is shown to be a useful tool in exploration and confirmatory item response models, 

improving the overall estimation time and parameter recovery compared to previous software. 

Because of the scoring of the SJTs, this study utilized a generalized partial credit MIRT model; 

test-takers are able to receive partial credit based on their proximity to the correct answer as 

established by SMEs. 

3. Polytomous Cognitive Diagnostic Models  
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 Gao and colleagues (2021) named a few polytomous CDMs that have been developed, 

including the previously discussed GDM, the partial credit DINA model (PC-DINA; de la Torre, 

2010), the polytomous LCDM (P-LCDM; Hansen, 2013), rating scale diagnostic model (RSDM; 

Liu & Jiang, 2020), and the sequential G-DINA model (Ma & de la Torre, 2016). All models 

except for the GDM focus only on polytomous responses. Additionally, all but the sequential G-

DINA model do not consider the relationship between attributes and response categories.  

 The Q-matrix for polytomous data can be specified at either the item level (Hansen, 

2013; von Davier, 2008) or the category level (Ma & de la Torre, 2016). When the Q-matrix is 

defined at the item level, it is the same as the traditional dichotomous Q-matrix and specifies 

which attribute is needed by each item, while the category level Q-matrix defines which attribute 

is required by each category of each item; the category-level Q-matrix provides more 

information and parameters are more accurately estimated. Both of these polytomous 

workarounds for the Q-matrix are dichotomously scored and do not capture the complexities 

necessary to assess noncognitive skills, specifically those measured on SJTs.  

 The proposed study will be conquered through an in-depth analysis of SJTs, employing 

various analytic approaches. In its current state, the SJTs used in this study are assessed with a 

unidimensional approach, with a single sum score determining how a student has performed on 

the assessment. This will be compared to multidimensional approaches, including MIRT and 

dichotomous CDMs. However, the issue with current approaches to SJT psychometric 

exploration is two-fold – many SJTs are multidimensional as well as polytomous. As a result, 

this study will also be the first to assess SJTs using polytomous CDMs. In successfully 

establishing the appropriate multidimensional approach to assess SJTs and noncognitive 
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assessments, we can better determine how to more broadly include noncognitive assessments as 

a fundamental component of education.   

3.3.1 Assessing SJTs Using CDMs. 

i. Q-Matrix Development. 

 NFTE’s program, and subsequent assessments associated with the program, was 

developed by professionally trained curriculum experts hired by NFTE. The development of the 

Entrepreneurial Mindset Index (EMI) underwent several iterations under the guidance of 

Educational Testing Services (ETS) and with feedback from NFTE teachers. Both NFTE 

teachers and the NFTE program staff are considered Subject Matter Experts (SMEs) in relation 

to the NFTE curriculum, program, and EMI.  

 The SJTs on the EMI were developed in 2014 with a focus group of NFTE teachers. After 

Likert items assessing Initiative & Self-Reliance and Flexibility & Adaptability under-performed, 

SJTs were recommended by the measurement experts at ETS; with little working knowledge of 

the curriculum and our students, ETS advised NFTE recruit the teachers to workshop this item 

type. The Q-matrix was developed in two steps. First, I enlisted four NFTE curriculum and 

program staff to discuss the SJT items and the attributes necessary to answer each question. Two 

of the four members of the team have been with NFTE for over a decade; the other two have 

been with NFTE for two years and work very closely with the curriculum and the teachers that 

implement the program. 

 We first went through each item block and discussed the attributes necessary to answer 

each block; some of the attributes would be relevant for many item blocks. One serious point of 

discussion was with regard to the Q-matrix being the same within each item block. That is, for 

each sub-question in an item block, are the same attributes necessary to answer each sub-
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question correctly? The group decided that each block requires the same attributes, regardless of 

the individual prompt to which students are replying.  

 The four NFTE employees agreed on eight attributes dichotomously coded to receive full 

credit on each SJT item: (1) Critical Thinking, (2) Understanding complex situations, (3) Career 

Understanding and Industry Knowledge, (4) Business Relationships and Empathy, (5) Human-

Centered Design Thinking, (6) Adaptability, (7) Decision-Making, and (8) Initiative. In the event 

of disagreement, each individual would explain why he or she felt an attribute was or was not 

required for the item in question; a consensus was then reached. We did not move on from a 

question until all members felt comfortable with the proposed attribute selection. The first 

iteration of the Q-matrix can be found in Appendix B.  

 Following the completion of the exhaustive Q-matrix, it became clear that eight attributes 

is far too many for these items. Given the distribution of proportion of endorsement of the 

highest response category, provided in Appendix D, we would expect an item that requires eight 

attributes to achieve correctness to have a small proportion of correctness. Because of this, it was 

apparent that the Q-matrix needed revisions. For this, I enlisted three new members of the NFTE 

curriculum and program staff to better define the attributes required to correctly answer each SJT 

item. Similar to the first meeting with SMEs, this group suggested that each block of items 

would utilize the same attributes. However, in agreement with the results from the MIRT 

analyses, this group of SMEs combined and reduced the number of attributes in the Q-matrix to 

four. The resulting Q-matrix can be found in Table 2. 

Table 2 

 Q-Matrix As Developed by SMEs 
Question 

Block 

1. Critical 

Thinking 

2. Business 

Relationships 

3. Initiative 4. Adaptability 

1 0 1 1 1 

2 1 0 0 1 
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3 1 1 0 1 

4 1 0 1 0 

5 1 0 1 0 

6 1 1 1 1 

Sum 5 3 4 4 

  

 With consultation from the SMEs, the operational definitions for the four attributes are as 

follows: (1) Critical Thinking is defined as the ability to analyze information, evaluate evidence, 

and good judgment through questioning assumptions, identifying biases, and considering 

multiple perspectives, (2) Business Relationships is defined as the interactions and connections 

between individuals or organizations for the purpose of furthering a business or business 

operations, (3) Initiative is defined as the ability to proactively and independently identify 

opportunities or challenges and acting on them, and (4) Adaptability is defined as the ability to 

adjust to changes, new conditions, or challenges in one’s environment through flexibility and 

open-mindedness.  

Prior to the CDM analyses, a Q-matrix validation was performed. The Q-matrix validation 

developed by de la Torre (2008) suggested a slightly different proposed Q-matrix. Unlike the 

matrix developed by SMEs, the proposed Q-matrix does allow for variability in attribute 

specification within one item block. The suggested Q-matrix can be found below in Table 3. 

Overall, the Q-matrix developed by the SMEs is markedly similar to that produced by the 

validation technique. The primary difference in the Q-matrices is that the SME Q-matrix 

restricted each block to require the same attributes, while the validated Q-matrix allowed for 

variability within each item block. Seven items are different in the SME Q-matrix and the 

validated Q-matrix, bolded in Table 3. Because of the similarities of the validated Q-matrix and 

the SME developed Q-matrix, I utilized the SME developed Q-matrix for the analyses. 
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Considering each block of items as a block, as opposed to considering each item within a block 

as an individual item, is more intuitive in the context of the exam.  

Table 3 

Suggested Q-Matrix  
Question  1. Critical 

Thinking 

2. Business 

Relationships 

3. Initiative 4. Adaptability 

1 0 1 1 1 

2 0 1 1 1 

3 0 1 1 1 

4 0 0 1 0 

5 1 0 0 0 

6 0 1 0 0 

7 0 1 0 0 

8 1 0 0 1 

9 1 1 0 1 

10 0 1 0 0 

11 1 1 0 1 

12 1 1 0 1 

13 1 0 1 0 

14 1 1 1 1 

15 0 0 0 1 

16 1 0 1 0 

17 1 0 1 0 

18 1 0 1 0 

19 1 0 1 0 

20 1 0 1 0 

21 1 1 1 1 

22 1 1 1 1 

23 1 1 1 1 

24 1 1 1 1 

Sum 16 15 15 13 
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ii. Choosing the Appropriate CDM Model. 

 Following the implementation of the DINO model that will serve as the baseline model, 

SJT data will be analyzed using the General Diagnostic Model (GDM) and Polytomous G-DINA 

(pGDINA); these models allow for polytomous responses, which is an essential component of 

the measurement of noncognitive assessments. The implementation of CDMs on polytomous 

items comes with a unique set of issues. In particular, because of the many response options for 

the items, some of the response options will have lower frequency of responses; therefore, some 

response categories have been collapsed onto each other to improve model fit and efficiency. The 

distance scoring method is still applied, however, the data are now transformed to be on a three 

point scale (Ma & de la Torre, 2016). This is an important and necessary step when working with 

polytomous response data and should be considered for all noncognitive assessments that employ 

polytomous responses.  To maintain consistency in the analyses, the transformed dataset was 

used for all analyses, including CTT and MIRT, though I will report some of the statistics of the 

original dataset to express the full scope of the assessment.  

Because of the compensatory nature of SJTs, the DINO model is the most appropriate 

dichotomous CDM to act as the base model for this study as opposed to the non-compensatory 

DINA model. The SJTs employed in this study are originally coded to be polytomous, with 4 

points being allotted to an individual who responds with the “most correct” decision and one 

point being deducted for every step an individual moves away from that “most correct” answer. 

Because the DINO model requires dichotomous responses, the responses that would award a 

respondent with 4 points is marked as correct, one, and all else are coded as incorrect, zero.   

The three CDM models will be considered for their item parameter estimations, latent 

class probabilities; model fit comparisons will be made between all multidimensional models, as 
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well as classification accuracy. Comparing the models from various angles allows us to consider 

which model is most appropriate for the SJTs and, therefore, can be further explored in the 

noncognitive assessment space.  

4. Selecting Best Model 

After the appropriate item parameters are compared and the best-fitted model is established, 

the final step is to determine the benefit of choosing a multidimensional approach over the 

current established methods of SJT analysis. This benefit needs to be clear to the user, whether 

that be students, teachers, or employers. I first will compare student classification across the 

models. This includes assessing CTT sum scores, factor analytic factor loadings, MIRT 𝜃 values, 

and CDM latent class profiles. For example, an individual who has a low sum score is also 

expected to have fewer mastery of attributes and, therefore, are classified similarly. Likewise, an 

individual who has a high sum score should be one of the students who have mastered all or most 

of the attributes. In the case of MIRT, a person with a high 𝜃 value has a high latent ability; if an 

individual has a high latent ability across the various dimensions, we can expect that student to 

have a higher sum score in CTT and more mastery of attributes in CDM.  

After determining the best fitting model and establishing that there are significant differences 

between student ability classification, we are able to make a case for or against more complicated 

psychometric models for SJTs. This will directly impact the ways in which we report the test 

results to students, as the current form only allows students to see how they’re performing based 

on a single score; multidimensional approaches allow students to see how they’re performing 

across multiple dimensions and latent traits. Students will be categorized into one of four 

categories based on the results of each model: (1) Low Performing, (2) Medium-Low 

Performing, (3) Medium-High Performing, and (4) High Performing. A correlation matrix will be 
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built based on the four rankings in each model in order to determine if students are being 

categorized similarly across the methods. Because all categories are ranked, the correlation 

matrix will be developed using Spearman’s 𝜌, defined 

𝜌 = 1 −  
6 ∑ 𝑑𝑖

2

𝑛(𝑛2−1)
        [Equation 8] 

where 𝑑𝑖 represents the difference in paired ranks and 𝑛 represents the number of cases 

(Spearman, 1904). From the correlation matrix, we will be assessing the linear relationship 

between the respondent’s rank categories. This, then, will establish how different each method is 

from the user perspective and, thus, can inform the utility in adopting more advanced 

psychometric methods. If individuals are suggested to perform similarly across different models, 

there is an argument to maintain simpler models in the case of SJT analyses; however, if the 

more complicated multidimensional models suggest a better fit of the data in addition to offering 

significantly different categorization of the respondents, there is a strong argument to be made 

for the adoption of those models.  
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Chapter 4: Results 

4.1 CTT Analysis Results  

In its present form, the EMI uses CTT estimates to assess key components of the assessment. 

Because of this, the analyses begin with CTT, despite little information being derived from the 

analysis. The more complex models that are explored later cannot directly be compared to CTT, 

however the exploration is relevant and necessary for level-setting purposes. Because CTT is 

very easily digestible to the average consumer, it remains to be the most popular psychometric 

approach to individuals outside of the measurement field. Particularly, measures of reliability 

such as Cronbach’s 𝛼 are most often cited in assessment literature. The reliability of the 

transformed dataset with scoring options ranging from 0 to 2 is moderate (𝛼 =  .56), though the 

reliability of the original dataset with score options ranging from 0 to 4 is good (𝛼 =  .7). It is 

important to note that these reliability indices are low by testing standards, however that is due to 

the multidimensionality of the assessment. Table 4 shows the item-level parameter estimates. 

Note that the maximum number of points a respondent could receive on each item was two 

points, meaning the item means can range from 0 to 2. Overall, the deletion of any of the items 

does not result in significant improvement to 𝛼.  

Table 4 

CTT Item Level Results 

Item Item Mean r-pbis 𝛼 if deleted 

FA1_HAHE 1.44 0.33 0.56 

FA1_HALE 1.04 0.25 0.56 

FA1_LAHE 1.29 0.02 0.59 

FA1_LALE 1.44 0.43 0.54 

FA3_HAHE 1.57 0.35 0.56 

FA3_HALE 1.07 0.14 0.58 

FA3_LAHE 0.82 -0.25 0.63 

FA3_LALE 1.29 0.37 0.55 

FA6_HAHE 1.51 0.29 0.56 

FA6_LAHE 0.77 -0.17 0.62 

FA6_HALE 1.21 0.28 0.56 
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FA6_LALE 1.53 0.43 0.54 

ISR1_HAHE 1.41 0.04 0.59 

ISR1_HALE 1.18 0.24 0.57 

ISR1_LAHE 1.12 0.02 0.59 

ISR1_LALE 1.23 0.35 0.56 

ISR3_HAHE 1.28 0.25 0.57 

ISR3_HALE 0.89 0.23 0.58 

ISR3_LAHE 1.44 0.14 0.56 

ISR3_LALE 1.19 0.35 0.56 

ISR5_HAHE 1.56 0.48 0.55 

ISR5_HALE 0.72 0.08 0.59 

ISR5_LAHE 1.16 0.12 0.58 

ISR5_LALE 1.37 0.16 0.58 

 

 Items with the highest mean indicate that respondents are responding correctly with 

higher frequency; for example, FA3_HAHE has the highest item mean of 1.57, suggesting that 

there are a large number of students who are responding correctly, as the highest possible item 

mean value is 2. ISR5_HALE has the lowest item mean of 0.72, suggesting that students are not 

responding correctly to this item that often and, thus, is considered the most difficult of the SJTs. 

The most discriminating items are ISR5_HAHE and FA6_LALE, while FA1_LAHE and 

ISR1_LAHE are the least discriminating. Items FA3_LAHE and FA6_LAHE have negative r-

pbis, suggesting that students who are expected to answer the item correctly are answering the 

item incorrectly. These items are not indicated to be particularly difficult and the most 

improvement in reliability in seen when those items are removed. This is perhaps due to the 

juxtaposition the low adaptability and highly effective response is the most correct response; this 

duality seems to suffer statistically and potentially too nuanced to measure well under this 

framework.  

 In its current form, the scores from the SJTs as developed by a CTT approach are used to 

determine how effective the respondent’s decision-making is. Previous analyses found that two-
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thirds of the students scored at 70% or above; therefore, we have used the score of 70% as a 

threshold. This threshold will be used as a comparison for the other, more complex models.  

4.2 EFA, CFA and MIRT Analysis Results  

EFA, CFA, and MIRT models were estimated in R using fa, cfa, and mirt functions, 

respectively. A scree plot (Figure 1) was developed to better understand the number of factors 

that would be appropriate to retain in the factor analyses. Because the scree plot yielded unclear 

results, and because the number of dimensions were not fully realized, an EFA was conducted on 

a third of the data, generated randomly; the overall Measure of Sampling Adequacy (MSA) 

was .84, which justifies running a factor analysis. EFAs with different number of dimensions 

were conducted, adding one dimension each time under an oblimin rotation; each model was 

then compared to the k-1 dimension before it. Results from the EFA informed the subsequent 

CFA analysis, performed on the remaining two-thirds of the data. The path model established 

from the EFA was used to define the path in the CFA analyses. CFA models were compared using 

𝜒2 statistics derived from running an ANOVA as well as AIC and BIC estimates, as those model 

fit estimates were recommended by Bolt and Johnson (2009) and Yao (2003). Reduced values in 

AIC and BIC with the addition of more dimensions suggest an improved fit.   

Figure 1 

Scree plot of the SJT data 



  
65 

 

. 

Results from both factor analytic approaches suggested that the appropriate number of factors 

to fit these data is at least three. Table 5 indicates the model fit statistics for one-, two-, three- and 

four-factor solutions. The three-factor solution has the smallest BIC with a value of 51149.03, as 

compared to the four-factor’s BIC of 51216.59 and the two-factor’s BIC of 51207.60; however, 

the four-factor solution has the smallest RMSEA and the smallest AIC value. Both the three-

factor and four-factor solutions have RMSEA values that are considered to indicate good fit, but 

the four-factor solution is slightly smaller. As a result, the CFA was run on two-thirds of the data 

for both three-factor and four-factor solutions.  

Table 5.  

Exploratory Factor Analysis (EFA) Model Fit Statistics for One Through Four-Factor Models 

Model RMSEA AIC BIC 

One-Factor .068 51442.75 51670.47 

Two-Factor .045 50870.77 51207.60 

Three-Factor .034 50707.83 51149.03 

Four-Factor .031 50675.77 51216.59 
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Based on the path of the four-factor solution, and considering the domains measured and the 

adaptability/effectiveness scale, the four factors seem to be: (1) Adaptability, (2) Effectiveness 

(3) Interpersonal Communication (4) Communication Efficiency. The HAHE items seem to 

cluster together, which suggests that they are actually measuring Effectiveness (as “Very 

Effective” is the correct response for HAHE items). The LALE items cluster together, as well, 

indicating they likely measure Adaptability. Factors 3 and 4 are less clear, as they both include 

HALE items from FA and ISR domains. Upon further investigation of the items loading on to 

Factor 3, the items seem to be measuring Interpersonal Communication. The item loading on to 

Factor 4 perhaps stands on its own because it seems to include both elements of Communication 

and Efficiency, which results in its own factor.  

Figure 2 

Path for the three-factor EFA solution.  

 

Figure 3 

Path for the four-factor EFA solution.  
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All models yielded a simple solution and factor loadings were greater than 0.3; only one item 

loaded onto one of the factors in the four-factor model and nine items did not load on any factor. 

The red dotted lines in Figures 2 and 3 indicate factor loadings that are on the cusp of statistical 

significance.  

Following the EFA, three- and four-factor CFAs were run using the paths established by 

the EFAs. Results from the CFA ANOVA indicated improvement in fit when implementing a 

four-factor solution as opposed to a three-factor solution (2(74, N = 1,726) = 12.618, p < .01). 

Additionally, comparisons of AIC and BIC indicate the four-factor solution better fit the data. A 

CFA was then run on the data, as informed by the results of the EFA. The factor loading results 

from the CFA are available in Table 6. The factor loadings are, unsurprisingly, very similar to 

those produced by the EFA. Fit statistics for the two CFA models can be found in Table 7.  

Because the CFA determines four different subgroups, we are able to establish the 

reliability indices for each path. Path 1 has a reliability index of 𝛼 = .59, Path 2 has a reliability 

index of 𝛼 = .76, Path 3 has a reliability index of 𝛼 = .46, and Path 4 has a reliability index of 
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𝛼 = .37. These are consistent with the Cronbach’s 𝛼 found during CTT, though Path 4’s 

reliability is quite low. When we consider the debate between a three-factor and four-factor 

model, it is not surprising that the fourth path is less firmly defined than the other three.   

Table 6 

CFA Factor Loading 

Item F1 F2 F3 F4 

FA1_HAHE 0.57    

FA1_HALE   0.42  

FA1_LAHE     

FA1_LALE  0.61   

FA3_HAHE 0.59    

FA3_HALE     

FA3_LAHE     

FA3_LALE  0.61 

FA6_HAHE 0.60 

FA6_LAHE    0.36 

FA6_HALE   0.55  

FA6_LALE  0.68 

ISR1_HAHE 0.57 

ISR1_HALE   0.46  

ISR1_LAHE     

ISR1_LALE  0.56 

ISR3_HAHE 0.46 

ISR3_HALE    0.43 
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ISR3_LAHE     

ISR3_LALE  0.57 

ISR5_HAHE 0.73 

ISR5_HALE     

ISR5_LAHE     

ISR5_LALE  0.47 

 

Table 7 

Comparison of fit statistics from three-factor and four-factor CFA solutions. 

Model RMSEA AIC BIC 

Three-Factor 0.049 60875 61045 

Four-Factor 0.046 60867 61043 

 

Two multidimensional generalized partial credit models were run, with three and four 

dimensions. The models were run under an oblique rotation. AIC and BIC estimates were 

compared between the two models, indicating the four-factor model is a better fit. The AIC and 

BIC for the three-factor CFA were 60875 and 61045, respectively, whereas the four-factor CFA 

resulted in an AIC and BIC of 60867 and 61043, respectively. Because the four-factor model 

produced smaller AIC/BIC values, that is the preferred model. Observing the factor loadings for 

each item, we can compare the results of the MIRT ([Equation 2]) analyses to the paths 

established from the EFA and implemented in the CFA. The factor loadings for the four-

dimensional MIRT are shown in Table 8; they represent the strength of the relationship between 

an item and the latent variable represented by a factor. These loadings are not a one-to-one 

comparison of the factor analytic factors. There are fewer items that load onto factors in the 
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factor analytic approaches than in the MIRT analysis. Items such as FA1_LALE do not have as 

strong of a loading in MIRT as they do in the factor analyses. However, there are similarities, 

including the HAHE items being clustered together in both factor analytic and MIRT results.  

Table 8 

 Four-Factor MIRT Factor Loadings 

Item Factor 1 Factor 2 Factor 3 Factor 4 

FA1_HAHE  0.58   

FA1_HALE   0.33  

FA1_LAHE    0.24 

FA1_LALE 0.29    

FA3_HAHE  0.66   

FA3_HALE 0.17    

FA3_LAHE     

FA3_LALE   0.29  

FA6_HAHE  0.65   

FA6_LAHE     

FA6_HALE   0.30  

FA6_LALE 0.51    

ISR1_HAHE     0.37 

ISR1_HALE   0.31  

ISR1_LAHE    0.19 

ISR1_LALE 0.47    

ISR3_HAHE  0.55   

ISR3_HALE   0.43  
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ISR3_LAHE    00.34 

ISR3_LALE 0.68    

ISR5_HAHE  0.75   

ISR5_HALE   0.37  

ISR5_LAHE  0.26   

ISR5_LALE 0.25    

 

FA6_LALE, ISR1_LALE, ISR3_LALE, and ISR5_LALE all load onto Factor 1. 

FA1_HAHE, FA1_LALE, FA3_HAHE, FA6_HAHE, ISR1_HAHE, ISR3_HAHE, and 

ISR5_HAHE load onto Factor 2. FA1_HALE, FA3_LALE, FA6_HALE, ISR1_HALE, 

ISR3_HALE, and ISR5_HALE load onto Factor 3. FA1_LAHE, FA3_LAHE, and ISR_LAHE 

load onto Factor 4. Because there are more items associated with each factor, the factors are 

more interpretable and meaningful. Adaptability and Effectiveness still seem to be two 

dimensions measured by the SJTS; the HALE and LAHE that make up Factors 3 and 4 seem to 

be capturing another skillset. Interpersonal Communication is a potential factor for Factor 3, but 

with more clear evidence than in the factor analyses. Further investigation of the items associated 

with Factor 4 suggest that that factor is perhaps measuring Resilience.  

Figure 3 indicates the estimated latent trait scores for each respondent within each of the four 

dimensions. These estimates are conceptually similar to factor scores estimated in the factor 

analyses, though uncorrelated (Appendix B). From these histograms, we can see that generally 

the distributions are negatively skewed, though generally normal.  

Figure 3 

Estimated Latent Traits Scores 
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The item parameters, including ability and difficulty parameters, indicate the slope and 𝑘 − 1 

intercepts for each item (indicated in Table 9). When response options move in a positive 

direction (i.e., 1 indicating Strongly Disagree and 5 indicating Strongly Agree), intercept 

parameters are expected to follow the opposite pattern; that is, the intercept parameter should 

move from a larger number to a smaller number. The intercept estimates represent the difficulty 

estimate between 0 and 1 (d1) and between 1 and 2 (d2); considering the four-factor model, each 

factor has a difficulty parameter associated with it. For example, the first question (FA1_HAHE) 

has an intercept of 𝑑1 = 3.49. FA1_HAHE loads onto Factor 2, therefore, using Embretson and 

Reise’s (2000) difficulty formula of 
−𝑑

𝑎
=

−3.49

−1.01
, the difficulty parameter for the first question on 

the first factor is 3.46. A participant with a score of 3.46 on Factor 2 items would have a 50% 

chance of choosing a response of 1 over a response of 0, but a >50% chance of endorsing a 
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response of 2. A respondent with a score below 3.46 is most likely to receive the lowest number 

of points, 0, for that question. The slope parameter represents the discrimination estimate for 

each factor of each item. Higher values indicate higher discrimination; however, for an item in a 

multidimensional space such as the SJTs in the analysis, there can be many points where an item 

is most discriminating. There could be many locations in the multidimensional space where the 

rate of change of the probability of correct responses is the highest occurring for that item 

(Reckase, 1989). There are some instances, as indicated by Table 9, in which an item is 

negatively discriminatory in some locations and positively discriminatory in other locations. 

However, items such as FA3_LALE are negatively discriminating in all locations of the 

multidimensional space. A negative discrimination index means that an examinee in the low 

performing group answers the question correctly at a higher rate than those in the high 

performing group. The items that do not load onto any factors (FA6_LAHE, ISR1_LAHE, 

ISR5_LAHE) have the lowest discrimination, which likely explains their inability to be 

identifiable in the multidimensional space. In addition, it’s important to note that all four LAHE 

items have low discrimination; these items are likely very complicated because they measure low 

adaptability and high efficiency, which is contradictory in nature. HAHE items have the highest, 

positive discrimination indices.  

Table 9 

Item Parameters for MIRT Four-Factor Model 

Item 𝑎1 𝑎2 𝑎3 𝑎4 𝑑1 𝑑2 

FA1_HAHE -0.71 -1.01 0.44 0.23 3.49 3.49 

FA1_HALE -0.36 -0.27 -0.44 -0.33 0.58 0.15 

FA1_LAHE 0.24 -0.17 0.16 -0.30 1.07 1.16 

FA1_LALE -1.03 -0.361 -0.11 -0.09 1.98 2.42 
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FA3_HAHE -0.75 -1.29 0.31 0.24 3.98 4.62 

FA3_HALE -0.32 -0.01 -0.23 -0.24 1.31 0.35 

FA3_LAHE 0.39 0.28 0.34 -0.07 -0.07 -0.67 

FA3_LALE -0.91 -0.58 -0.30 -0.14 2.06 1.73 

FA6_HAHE -0.57 -1.13 0.48 0.29 3.75 4.02 

FA6_LAHE 0.37 0.09 0.11 -0.02 0.02 -0.89 

FA6_HALE -0.45 -0.30 -0.36 -0.49 1.86 1.21 

FA6_LALE -1.39 -0.54 0.02 -0.34 3.01 3.66 

ISR1_HAHE 0.21 -0.07 0.09 -0.64 2.48 2.39 

ISR1_HALE -0.32 -0.21 -0.41 -0.46 1.20 0.81 

ISR1_LAHE 0.28 -0.23 0.02 0.23 0.81 0.46 

ISR1_LALE -1.04 -0.17 -0.08 -0.15 1.69 1.25 

ISR3_HAHE -0.39 -0.82 0.34 0.34 2.75 2.05 

ISR3_HALE -0.31 -0.29 -0.63 -0.07 0.19 -0.47 

ISR3_LAHE 0.15 -0.31 0.21 -0.49 1.86 2.11 

ISR3_LALE -1.42 -0.13 0.33 -0.26 2.65 1.54 

ISR5_HAHE -1.09 -1.72 0.58 0.32 4.94 5.58 

ISR5_HALE -0.11 -0.08 -0.59 0.0 -0.04 -1.19 

ISR5_LAHE 0.22 -043 0.0 0.0 0.53 0.57 

ISR5_LALE -0.45 0.0 0.0 0.0 0.02 0.11 

 

4.3 CDM Analysis Results 
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To develop the model and assess the model fit for each of the CDMs, the GDINA 

package (Ma et al., 2023) in R was utilized. The Q-matrix for the CDM analyses should measure 

close to four attributes, as factor analytic and MIRT results indicated a four-factor model is most 

appropriate for this data. The most common CDM employed for polytomous responses is the 

General Diagnostic Model (GDM; [Equation 7]), while the polytomous G-DINA (pGDINA; 

[Equation 6]) is an intuitive follow-up to the DINO implementation, as the DINO model can be 

derived from pGDINA. This section will first review the basic results from the pGDINA model, 

then the GDM before concluding with the DINO model ([Equation 3]) as a base. The three 

models with then be compared using the appropriate criteria, including class attribute 

classification, slipping, guessing and discrimination item parameters, and eventually model fit 

comparisons as well as classification accuracy.  

Class attribute breakdowns for the 2𝐾=4 = 16 attributes in the pGDINA model are 

provided in Table 10. Attribute profiles 𝛼14 = [1011] and 𝛼16 = [1111] have the highest class 

probabilities, suggesting 32% of respondents were classified as belonging in these latent classes. 

We can use this information to compare latent class groupings to overall CTT scores of students. 

For example, we should see a large overlap of students who are high-scoring according to CTT 

and students who belong in attribute profile 𝛼16 = [1111]. Of the 831 respondents who belong 

to the 𝛼16 class 48% overlapped with the top 831 respondents according to CTT. This suggests 

that, while there is some overlap, the pGDINA model is categorizing the high-performing 

respondents differently than CTT. However, because the pGDINA model does not violate the 

unidimensionality assumption and largely utilizes more information than CTT, the pGDINA 

classification is likely more accurate.  

Table 10 

pGDINA Class Attribute Probabilities  
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The guessing (𝑔𝑖), slipping (𝑠𝑖)and item discrimination (IDI) parameters for the data 

derived from the pGDINA model are reported in Table 11. The guessing parameter indicates the 

probability of a correct response to an item that a respondent is expected to answer incorrectly, 

while the slipping parameter represents the probability of an incorrect response to an item that a 

respondent is expected to answer correctly based on their mastery of all required domains (Choi 

& Seo, 2020). IDI represents an item’s ability to differentiate between respondents who have 

mastered all relevant attributes from respondents who have not mastered any of the attributes 

(Helm et al., 2022). According to Lee et al., (2012), IDI values larger than or equal to 0.35 

indicate adequate fit. By these standards, then, HAHE and LAHE items seem to have a high 

probability of guessing and, therefore, do not have a strong discrimination index. This is 

consistent with the results from CTT, in which HAHE items have a higher item mean and, 

therefore, have a higher probability of respondents choosing the correct response. Items with 

guessing parameters above 0.8 and low slipping parameters (e.g., FA1_HAHE, FA6_HAHE, 

Latent 

class 

Attribute 

profile 

Class 

probability 

Class expected 

frequency 

Expected class 

proportion 

1 0000 0.04 93.33 3.6% 

2 1000 0.03 66.47 2.6% 

3 0100 0.004 9.58 0.4% 

4 0010 0.001 3.23 0.1% 

5 0001 0.002 4.28 0.2% 

6 1100 0.16 399.86 15.5% 

7 1010 0.04 115.34 4.5% 

8 0110 0.04 97.50 3.8% 

9 1001 0.005 115.34 4.5% 

10 0101 0.002 4.28 0.2% 

11 0011 0.01 35.95 1.4% 

12 1110 0.01 22.85 0.9% 

13 1101 0.005 12.13 0.5% 

14 1011 0.32 831.05 32.3% 

15 0111 0.01 35.95 1.4% 

16 1111 0.32 831.05 32.3% 
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ISR1_LAHE, etc.) also have higher item means when compared to the CTT item parameters. 

HALE and LALE items, however, have low guessing and slipping estimates; as a result, these 

items properly classify respondents and are overall better items than the other SJTs.  

Table 11 

pGDINA item parameters including guessing, slipping and item discrimination as estimated by 

Item Discrimination Index (IDI) 

Item Guessing Slipping  IDI 

FA1_HAHE 0.95 0.02 0.26 

FA1_HALE 0.14 0.15 0.69 

FA1_LAHE 0.95 0.17 0.47 

FA1_LALE 0.22 0.03 0.65 

FA3_HAHE 0.81 0.01 0.22 

FA3_HALE 0.38 0.10 0.43 

FA3_LAHE 0.85 0.51 0.36 

FA3_LALE 0.33 0.01 0.65 

FA6_HAHE 0.97 0.01 0.29 

FA6_LAHE 0.96 0.48 0.43 

FA6_HALE 0.11 0.03 0.75 

FA6_LALE 0.20 0.003 0.62 

ISR1_HAHE 0.99 0.04 0.22 

ISR1_HALE 0.18 0.09 0.66 

ISR1_LAHE 0.96 0.21 0.37 

ISR1_LALE 0.15 0.07 0.75 

ISR3_HAHE 0.99 0.05 0.29 

ISR3_HALE 0.15 0.25 0.53 

ISR3_LAHE 0.98 0.07 0.21 

ISR3_LALE 0.22 0.04 0.66 

ISR5_HAHE 0.96 0.01 0.90 

ISR5_HALE 0.16 0.37 1.0 

ISR5_LAHE 0.95 0.21 0.78 

ISR5_LALE 0.22 0.08 1.0 

 

The same dataset that was fit for the pGDINA model was then fit to the GDM. Table 12 

shows the results of the class probabilities for each of the 16 latent classes in the GDM. 

According to the GDM, Attribute profiles 𝛼13 = [0111] and 𝛼16 = [1111] have the highest 

class probabilities, with 𝛼16 accounting for 70% of the respondents. This suggests that, according 

to the GDM, a large majority of the students have mastered all of the skills required to respond to 
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the SJTs correctly. The GDM, then, is less discriminatory overall than the pGDINA. A notable 

difference between the GDM model and the pGDINA model that might account for the 

differences in classification is the use of interaction terms in the pGDINA model specification. 

The pGDINA model includes an interaction term for the attribute vector and the intercept 

parameter, which could explain the more granular differentiation among class attributes for the 

respondents.  

Additionally, when we consider the 70% of students that are classified in latent class 𝛼16, 

we should see a similarity between those students and the top performers from CTT. Of the 1,806 

respondents that fall into the highest performing latent class 𝛼16, 65% are also amongst the 

highest performing respondents according to CTT. As was the case with the pGDINA and CTT 

comparisons, these discrepancies are to be expected; however, there are more similarities 

between CTT and GDM. This increased consistency suggests that the GDM results build upon 

the original model more accurately. Further investigation of model fit statistics are necessary to 

determine which model is preferred.  

 

 

Table 12 

GDM Class Attribute Probabilities 

Latent 

class 

Attribute 

profile  

Class 

probability 

Class expected 

frequency 

Expected class 

proportion 

1 0000 0.04 109.30 4.2% 

2 1000 0.00 0.00 0.0% 

3 0100 0.001 3.14 0.1% 

4 0010 0.001 3.16 0.1% 

5 0001 0.005 11.64 0.5% 

6 1100 0.07 182.48 7.1% 

7 0011 0.11 293.43 11.4% 

8 1010 0.00 0.00 0.0% 

9 0110 0.01 22.02 0.9% 

10 1001 0.005 12.09 0.5% 
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 Table 13 indicates 𝑔𝑖  and 𝑠𝑖 parameters for the GDM approach. The GDM measures item 

discrimination using 𝑃(1) − 𝑃(0), which measures the differences in success probabilities 

between those who mastered all required attributes and those who mastered none. Similar to the 

results from the pGDINA item parameters, we see that the HAHE and LAHE items have 

unsatisfactory discriminatory power, while HALE and LALE items better discriminate the 

respondents. The item-level results are consistent with the results from CTT as well.  

Table 13 

GDM item parameters including guessing, slipping and item discrimination as estimated by 

(𝑃(1) − 𝑃(0)) 

Item Guessing Slipping 𝑃(1) − 𝑃(0) 

FA1_HAHE 0.95 0.02 0.03 

FA1_HALE 0.18 0.18 0.64  

FA1_LAHE 0.94 0.17 -0.11 

FA1_LALE 0.25 0.04 0.71 

FA3_HAHE 0.93 0.01 0.06 

FA3_HALE 0.35 0.10 0.55 

FA3_LAHE 0.91 0.49 -0.41 

FA3_LALE 0.18 0.03 0.79 

FA6_HAHE 0.97 0.02 0.01 

FA6_LAHE 0.88 0.48 -0.36 

FA6_HALE 0.18 0.03 0.79 

FA6_LALE 0.21 0.01 0.78 

ISR1_HAHE 0.94 0.04 0.01 

ISR1_HALE 0.28 0.09 0.63 

ISR1_LAHE 0.84 0.23 -0.08 

ISR1_LALE 0.23 0.06 0.70 

ISR3_HAHE 0.96 0.05 -0.01 

ISR3_HALE 0.19 0.27 -0.53 

ISR3_LAHE 0.95 0.08 -0.02 

ISR3_LALE 0.27 0.03 0.69 

ISR5_HAHE 0.96 0.01 0.02 

ISR5_HALE 0.31 0.38 0.31 

11 0101 0.00 0.00 0.0% 

12 1110 0.01 17.00 0.7% 

13 1101 0.01 37.12 1.4% 

14 1011 0.01 22.08 0.9% 

15 0111 0.02 55.34 2.% 

16 1111 0.70 1806.21 70.1% 
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ISR5_LAHE 0.89 0.23 -0.13 

ISR5_LALE 0.28 0.06 0.65 

 

The class probabilities for each 2𝐾=4 = 16 attributes is provided in Table 14 for the 

DINO model, fit with the dichotomously coded data. Attribute profile 𝛼1 = [0000] has the 

highest class probability, suggesting 35% of respondents were classified as belonging in this 

latent class, suggesting that 35% of the overall respondents do not possess any of the attributes 

defined in the Q-matrix. This is quite different from the results suggested by both of the 

polytomous CDMs. The DINO model classifies most respondents as non-mastery on all four of 

the attributes, while both polytomous CDMs expect some or total mastery of the attributes. The 

DINO model does not appropriately consider the polytomous responses of the items; all of the 

data have been dichotomously coded and, therefore, many respondents are not accurately being 

classified into class profiles. This has resulted in 35% of respondents expressing non-mastery on 

all four of the attributes. These results are, however, consistent with the nature of the 

dichotomizing of the responses. Dichotomous scoring indicated that if a student correctly 

answered the question (received 4 points), that student would be marked “correct;” all other 

responses are marked “incorrect”. Appendix E shows the frequency of point distribution for each 

question, highlighting how much information is lost when we dichotomize the items. The 

difference in class attribute probabilities between the DINO model and the polytomous CDMs 

also signifies how much information is lost in that process.  

Table 14 

DINO Class Attribute Probabilities 

Latent 

class 

Attribute 

profile 

Class 

probability 

Class expected 

frequency 

Expected class 

proportion  

1 0000 0.35 899.75 34.9% 

2 1000 0.08 211.84 8.2% 

3 0100 0.01 22.06 0.9% 

4 0010 0.01 19.05 0.7% 
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5 0001 0.04 110.73 4.3% 

6 1100 0.01 18.79 0.7% 

7 1010 0.01 18.67 0.7% 

8 0110 0.01 27.93 0.1% 

9 1001 0.03 68.96 2.7% 

10 0101 0.004 11.69 0.5% 

11 0011 0.01 15.05 0.6% 

12 1110 0.04 99.05 3.8% 

13 1101 0.01 26.33 1.0% 

14 1011 0.02 39.01 1.5% 

15 0111 0.04 94.99 3.7% 

16 1111 0.35 891.11 34.6% 

 

The guessing (𝑔𝑖), slipping (𝑠𝑖)and item discrimination (IDI) parameters for the data 

derived from the DINO model are reported in Table 15. Estimates for 𝑔𝑖  are overall significantly 

lower than those for the pGDINA and the GDM parameter estimates. This is likely related to the 

class attribute probabilities in Table 14, as the DINO model results in a large number of students 

belonging in the 𝛼1 = [0000] latent class. Because of this, it is unlikely that students who do not 

have mastery of skills would correctly guess the answer to an SJT item. Similarly, the 

comparison of discrimination parameters highlights the loss of data that occurs when we 

dichotomize the responses. HAHE items and LALE items are consistent in the polytomous and 

dichotomous datasets – the maximum and minimum points allotted, respectively. HALE and 

LALE items, however, lose the most information when responses are dichotomized and, 

therefore, are less discriminatory in the DINO model than in the polytomous CDMs. According 

to the DINO model, respondents generally are less likely to correctly respond to an answer 

unless they have mastered the appropriate skills. To best understand which of these parameters 

are most accurate, we need to observe the best fitting model. Model fit comparisons of all of the 

CDM models, as well as MIRT, are available in Table 17.  

Table 15 

DINO item parameters including guessing, slipping and item discrimination as defined by IDI 
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Item Guessing Slipping IDI 

FA1_HAHE 0.75 0.03 0.58 

FA1_HALE 0.38 0.03 0.13 

FA1_LAHE 0.42 0.57 0.05 

FA1_LALE 0.80 0.20 0.57 

FA3_HAHE 0.81 0.19 0.54 

FA3_HALE 0.23 0.78 0.05 

FA3_LAHE 0.17 0.84 0.18 

FA3_LALE 0.56 0.42 0.42 

FA6_HAHE 0.73 0.27 0.52 

FA6_LAHE 0.15 0.85 0.09 

FA6_HALE 0.34 0.66 0.01 

FA6_LALE 0.78 0.23 0.46 

ISR1_HAHE 0.54 0.45 0.45 

ISR1_HALE 0.37 0.62 0.04 

ISR1_LAHE 0.33 0.68 0.03 

ISR1_LALE 0.53 0.47 0.38 

ISR3_HAHE 0.53 0.47 0.44 

ISR3_HALE 0.29 0.69 0.11 

ISR3_LAHE 0.53 0.47 0.01 

ISR3_LALE 0.48 0.55 0.36 

ISR5_HAHE 0.82 0.18 0.66 

ISR5_HALE 0.18 0.82 0.04 

ISR5_LAHE 0.43 0.56 0.10 

ISR5_LALE 0.29 0.71 0.22 

 

Additional respondent-level information is available through the CDM regarding the 

mastery of attributes defined by the Q-matrix. For example, Table 16 shows the class 

probabilities for the first 9 respondents (R1, R2…, R9) for 5 of the 16 latent classes as a 

demonstration. All of the class probabilities are available to the user, though not necessary to 

unpack for the purpose of this study. This table indicates, for example, that the chances of R2 

belonging to latent class 1 is 99% and the chances of R8 belonging to latent class 12 is 10%. 

Results from this table will be used to inform the final phase of this study, which compares 

student classification. For example, in this instance, R2 would be categorized as (1) Low 

Performing because this respondent falls into Class 1 with latent class profile of [0000]. R7 

would fall into category (3) Medium High Performing because this respondent has mastered 
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some attributes with low probabilities of being in lower latent class profiles. To date, little 

research has explored this type of student level data for noncognitive assessments in an 

educational setting.  

Table 16 

Class Probabilities for First Nine Respondents 

 Class 1 Class 4 Class 8 Class 12 Class 16 

R1 0.71 0.002 0.03 0.02 0.02 

R2 0.99 0 0.02 0.02 0.02 

R3 0.98 0.004 0 0 0 

R4 0.99 0.003 0.001 0 0 

R5 0.002 0.01 0.09 0.09 0.09 

R6 0.001 0.01 0.11 0.11 0.11 

R7 0.002 0.001 0.08 0.08 0.08 

R8 0.001 0.01 0.1 0.1 0.1 

R9 0.99 0 0 0.1 0.1 

  

4.4 Comparisons of Methods 

In directly comparing the DINO and polytomous CDMs using the stated criteria, the 

DINO model is underperforming as compared to the polytomous CDMs in Table 17. 

Comparisons of AIC/BIC also indicate that the MIRT model does not fit as well as any of the 

CDM models, with the exception of the comparison of BIC values between MIRT and pGDINA.  

Table 17 

Model Comparisons for Three Different CDMs and Four-Factor MIRT 
Model # parameters -2LL AIC BIC 

DINO 63 -36610.67 73347.34 73716.11 

MIRT 126 -112341.32 112617.30 113425.10 

pGDINA 363 -11035.28 111761.27 113886.10 

GDM 103 -22987.04 46180.08 46783.00 
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These results are particularly promising when previous polytomous CDM literature is 

considered. Although a common strategy for polytomous items is to dichotomize the data (Lee et 

al., 2011), it is apparent that in the case of the real-world data analysis, this approach results in 

less desirable model fit and could lead to loss of data (Ma & de la Torre, 2016). As noted by 

Templin et al. (2008), one major limitation of polytomous CDMs is that the models typically 

contain a large number of parameters, requiring a large sample size to provide stable estimates. 

For example, a CDM developed for nominal response data was recommended to be fit with at 

least 5,000 respondents (Templin et al., 2008). Because these models were fit with 2,575 

responses, this suggests that the restrictions for polytomous CDMs do not need to be so 

restrictive.  

In addition to model fit indices, we can compare the classification accuracy of each 

model within each of the four attributes, in the case of CDM, or factors, in the case of MIRT 

(Table 18); that is, we can assess how accurately respondents are being classified into each of the 

four latent categories. The classification indices for the CDMs were estimated using Maximum 

Likelihood Estimation (MLE; Cui et al., 2012). Factor Analysis and MIRT approaches use 

reliability estimates as a form of classification. In the case of MIRT, each of these values 

represent the empirical reliability of each factor, which obtains a vector of 𝜃̂ also using expected 

MLE estimation. Effectiveness, for example, has the highest reliability of the four factors; all of 

the four factors, however, have high reliability, suggesting that SJTs are categorized 

appropriately in the MIRT model. Of the CDM models, the DINO model had the lowest 

classification accuracy, while the pGDINA had the highest classification accuracy. Similar to the 

results presented in the item parameter estimates and the model fit estimates, the classification 
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indices suggest that the polytomous CDMs are most appropriate for the data and, therefore, 

should be further explored for noncognitive assessments in general.  

Table 18 

Classification Indices for Multidimensional Models 

Factor FA MIRT Attribute GDM DINO pGDINA 

Effectiveness 0.59 0.75 Critical 

Thinking 
0.85 0.76 0.95 

Interpersonal 

Communication 
0.67 0.72 Business 

Relationships 
0.72 0.69 0.95 

Communication 

Efficiency 
0.40 0.61 Initiative 0.89 0.67 0.86 

Adaptability  -0.40 0.73 Adaptability 0.94 0.66 0.92 

  

Following the comparison of latent trait classification of each model, we are able to 

compare mastery and nonmastery classification as well between CTT, FA and MIRT. Because 

CTT provides a single score, in order to compare classification of students to CTT, a single score 

is required. A composite score from FA and from MIRT can be computed by multiplying the 

values of the four factor scores or theta scores. This reduction of factors is not advisable, as it is 

inconsistent with the intention of running a multidimensional model; we can, however, perform 

this step in order to compare student classification. As it currently stands, the CTT application of 

SJTs consider all students who scored above 70% to have mastered the items. This threshold was 

determined based on performance of the top two-thirds of the students. This logic, then, was 

applied to the single factor and theta scores – the students with the top two-third factor and theta 

scores have achieved mastery of the SJT items. Table 19 indicates the correlation between these 

three methods in classifying mastery and nonmastery of students. These high correlations 

suggest that students are classified similarly across these methods. These results confirm that the 

models, though varying in their output and interpretations, do indicate similar student 

performance. The question for the user, then, remains to be what the appropriate and desired 
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information should be reported. In the case of CTT, for example, the only student-level 

information available is the single score; FA provides students with factor scores and MIRT 

provides students with ability scores across various dimensions. This method of comparison, 

however, is not appropriate for the CDM models because categorization of mastery/nonmastery 

for the 16 latent class profiles would result in an irreparable loss of data and the comparisons 

would lack any merit.  

Table 19 

Spearman’s Rank Correlation for CTT, FA and MIRT  

 CTT FA MIRT 

CTT - 0.88 0.72 

FA 0.88 - 0.89 

MIRT 0.72 0.89 - 

 

Assessment of student-level categorization is important to determine how different 

approaches categorize the same students. For example, the 4% of students who are in latent class 

𝛼1 = [0000] according to the pGDINA model should be considered low-performing students 

across all of the models. To compare the four categories of performance within each framework, 

we must first categorize the students separately in the framework. This is accomplished by 

defining four categories of performance: (1) Low Performing, (2) Middle Low Performing, (3) 

Middle High Performing, and (4) High Performing. Each model provides different output and, 

thus, the rules for each of the four categories differs amongst the six models. For example, in 

CTT, scores on the SJTs range from 29% to 92%; we then can divide the scores up in four 

categories with 15 percentage points between. Therefore, students who are categorized as (1) 

Low Performing are students with scores ranging from 29% to 44%. Category (2) Middle Low 

Performing includes students ranging from scores 45% to 60%; Category (3) Middle High 

Performing includes students ranging from scores 61% to 76%; Category (4) High Performing 
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includes students ranging from 77% to 92%. The categorization rules for all other models are 

described in Table 20. Though some categories are self-explanatory, in the case of the CDM 

categorization, SMEs were consulted to determine which attributes hold the most weight. That is, 

if the presence of A1 = Critical Thinking can compensate for absence of A2 = Business 

Relations, mastery of A1 would be required in order for a student to be categorized in Category 3 

or Category 4. Conversations with the SMEs that developed the Q-Matrix suggested that, though 

all attributes are deeply important for a student to possess, possession of at least 2 of the three 

attributes 1, 3 or 4 (Critical Thinking, Initiative and Adaptability, respectively) is required for 

Category 3 or Category 4 placement. It is also worth noting that latent class probabilities with 

mastery of Attribute 1 (A1) hold more weight than the other attributes because all but one 

question block requires the mastery of A1 in order to correctly answer the question. Attribute 2 

(A2), however, is only required for half of the items and Attributes 3 and 4 (A3 and A4) are 

required for four of the six blocks of SJTs. This is consistent with the reports from the SMEs. 

These factors were considered when the performance categories were defined.  
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All distributions of performance categories followed similar patterns to the raw score 

distribution shown in Figure 4, wherein more respondents are categorized on the higher end of 

the scale than the lower end of the scale. A perfect mapping did not always occur, given the 

conditions and the ways in which the models grouped students, however the trend generally 

remains consistent (Figure 5). The DINO and pGDINA models differed the most from the other 

models in terms of the performance category distribution.  

Figure 4 

Score Distribution of SJTs 

 

 Generally, students were categorized in Group 3, suggesting they are mostly Middle High 

performing. The DINO model, however, ranked about 40% of the students in Group 1; this 

indicates that the DINO model is misclassifying students to be performing more badly than the 

other models. In light of the results in Table 18, the pGDINA classification results represent the 

most accurate results of the multidimensional models.   
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Figure 5 

Performance Category Distributions for All Six Models 
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 After students were categorized within each model, comparison of the categorizations 

informs how similar these methods are from the user perspective. Because of the ranked nature 

of the categorization, this comparison is accomplished with Spearman’s rank coefficient, 𝜌 

(Equation 8). Table 21 indicates the correlation coefficients amongst the performance categories 

for each model. Correlations are strong and positive between CTT and FA, CTT and MIRT, 

MIRT and FA, and DINO and MIRT; however significant correlations are only observed between 

MIRT and CTT and MIRT and FA. When choosing between CTT and MIRT, then, the argument 

could be made that the more complicated model is not necessary. Overall, the polytomous CDMs 

do not categorize students similarly to the other models, though they are the best-fitting models 

of the six models. The GDM model is negatively correlated with all models except for the 

pGDINA and the pGDINA model is negatively correlated with both the MIRT and DINO 

models. While the item parameters are comparable amongst the models, it is clear that the 

respondent classification does not remain consistent and, therefore, model choice can greatly 

impact the user experience in the case of SJTs.  

Table 21 

Spearman's Rank Correlation Coefficients 

 CTT FA MIRT DINO GDM 

FA 0.94     

MIRT 0.81 0.81    

DINO 0.46 0.46 0.65   

GDM -0.06 -0.06 -0.35 -0.82  

pGDINA 0.12 0.12 -0.18 -0.65 0.47 
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Chapter 5: Discussion & Limitations 

SJTs are an innovative approach to noncognitive assessment that require an innovative 

psychometric approach. This study has explored various methods to assess psychometric 

properties of SJTs, some of which can be found in existing SJT literature and some of which 

have never been explored before in the literature. The foundation of the research questions is 

centered around multidimensionality of noncognitive assessments broadly, with SJTs acting as an 

example for the claims. The conclusion is two-fold. First, by establishing the most appropriate 

psychometric approach for SJTs, these types of items can be applied throughout the educational 

landscape. SJTs are in line with the current approach to noncognitive development in education, 

which is career readiness and 21st century skills. Second, in confirming that SJTs are 

multidimensional and there is value in maintaining polytomous responses, as opposed to 

dichotomizing the responses, the argument can be made to apply the more complicated models 

like CDMs to other noncognitive assessments as well.  

The current study first utilized the CTT, as it is the psychometric model presently applied 

to the SJTs. While we can glean information about student performance from the single sum 

score with CTT, as well as information regarding the test reliability, this method greatly 

undermines the complexity of the items. It is apparent from the factor analytic approaches, as 

well as from the MIRT results and baseline investigation of the SJTs, that these items are much 

more nuanced than what is allowable in CTT. These methods provided insight into the internal 

structure of the SJTs, which addresses the first of our research questions. The results of the EFA, 

as confirmed by the CFA, indicate that the SJTs are measuring three or four latent traits. The 

pattern of the factor analyses generally indicate that items measuring high adaptability/high 

effectiveness cluster together, while those measuring low adaptability/low effectiveness belong 
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to a second, distinct cluster. This is possibly a reflection of the scoring – that is, items that follow 

the same scoring pattern are clustered together – rather than a true reflection of the latent traits. 

The results from MIRT, then, provide further insights into the latent trait that is being measured 

by each cluster. The results are quite similar to the factor analyses, however there is more 

variability within each cluster; this indicates that the clusters are representative of a latent trait, 

rather than of the scoring.  

Though MIRT addresses the issue of multidimensionality, the results are not particularly 

interpretable and useful outside of the field of psychometrics. Mapping items and students into a 

multidimensional space, with items having different item difficulty parameters and students 

having different ability levels for each dimension, creates a level of complexity that I argue 

would not be palatable for many education stakeholders. Because of these shortcomings, 

following the application of MIRT, the CDMs were employed to address the best approach to 

SJTs, given their complicated internal structure and scoring techniques. This addresses our 

second research question. It is apparent from this approach that it is imperative to maintain the 

polytomous scoring structure of SJTs, rather than dichotomizing the responses. Model fit indices 

suggest that the GDM best fits the data; however, the attribute profile distribution for the GDM 

does not differentiate students well, with 70% of students mastering all four attributes. Therefore, 

the pGDINA is a more attractive choice, as it addressees the multidimensional nature of SJTs and 

the information that is available -- regarding items and respondent characteristics -- is 

interpretable, enlightening, and actionable. Because judgment is such a complex process 

(Northrop, 1989), items like SJTs that require good judgment to respond correctly require 

complex scoring and psychometric models that represent their complexities. The results from the 

CDM analyses, too, justify the application of multidimensional models that consider fully the 
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nature of the items. In the case of SJTs and noncognitive assessments broadly, test takers are 

undergoing various processes to best consider their personality, behavior, and decision-making. 

As a result, a simple sum score does not capture the noncognitive process; instead, models such 

as CDMs granularize the process and parse out the skills, or attributes, that are necessary to 

respond correctly to a task. Simply knowing if a student has responded correctly to a question is 

not enough – it is important for us to know what specific latent traits are exhibited so that we can 

best understand a complete profile of the student. Interventions then can be designed and 

individualized for a student based on his or her attribute profile and skillsets. 

Importantly, when we establish the best psychometric approach to an assessment, we can 

transform the ways in which information is received. That is, because CDMs glean more 

accurate information about the items and the respondents, that information can actively be used 

to tell the user more pertinent information about his or herself. This is most feasible when we 

consider the ways in which scores and results are reported. In its current form, the SJTs on the 

EMI are measured with CTT – a single sum score determines a student’s decision-making 

effectiveness. Figure 6 indicates how the scores are currently reported to students and teachers. 

Though there are no scores directly associated with the report – a conscious decision made to 

discourage teachers from using scores in a student’s final grade – a student’s position on the dial 

is determined by cutoff scores that are compared to the student’s score; this, then, assumes that 

the results of a test with SJTs can be captured from one sum score. I argue that this severely 

undermines SJTs, their function, and their results.  
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Figure 6 

Student Report for SJT Items 

 

  

Multidimensional approaches allow for students to be mapped into a multidimensional 

space and, thus, highlights more granular strengths and weaknesses of each student. With the 

consideration of multidimensionality, the reporting potential for the users of SJTs expands 

greatly. This would enable SJTs to be more agreeable for teachers and professors because student 

results from SJTs can inform pedagogy and classroom practice. In their current application in 

cognitive assessments, CDMs can be used to create individualized lesson plans for students, as 
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information regarding their skills and weaknesses is more readily available. This, then, can 

inform the ways in which performance data is reported to test takers, teachers, parents, and 

relevant stakeholders. For example, if the student’s results from the SJTs indicate that he has 

mastered Critical Thinking, Initiative, and Adaptability, but has not mastered Business 

Relationships, he can focus his efforts on honing that skill, whereas a student who has not yet 

mastered Adaptability can engage with materials that will help develop that skill. Also, 

importantly, this comprehensive feedback regarding students’ strengths can inform the ways in 

which students develop groups for group projects and define roles within those groups. This 

information regarding soft skills can also inform how a student approaches learning in core 

subjects; if a student plays to his noncognitive strengths when studying or completing a project 

for Math and Literacy classes, he can adjust his approach to learning. Future research can focus 

on the development of appropriate reporting of results for SJTs and noncognitive assessments. 

Classroom practices can be built around the strengths and weaknesses of a student, with 

workshops designed to strengthen the attributes measured on the assessment. This development 

is not possible without the adoption of appropriate psychometric practices, namely 

multidimensional psychometric models whose results indicate assets and liabilities.  

 Because learning involves both cognitive and noncognitive skills, a student is best 

equipped when he or she understands their skills in both the cognitive and noncognitive spaces. 

Modern education focuses heavily on cognitive development. Noncognitive development is 

accidental – an accessory to learning that happens in the core subjects. I argue that this is an 

unfortunate result of the confusion and underdevelopment in noncognitive assessment. The 

current study focuses on SJTs as an item that measures noncognitive skills; I argue that they are 

the most adoptable item type because of their cognitive nature and objectivity. Though there 
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seems to be a cognitive load requirement to answer the question, these items inarguably measure 

noncognitive skills, as indicated by the factor analyses, Q-matrix development, and Q-matrix 

validation. Results from these items, and noncognitive assessments in general, provide students 

with information that they are not receiving elsewhere on their mandated assessments. Self-

discovery happens through schooling. Grades and test scores inform perceptions of strengths, 

which then inform career decisions. Later life success, however, is defined by much more than 

grades on a math test or SAT scores; how a person solves a problem, communicates a solution, 

and makes effective decisions are drivers in his or her success. If a student knows the areas in 

which she can improve while she is developing markers of her personality and drive, she is better 

positioned to be a deeply successful adult.  

 Because correct responses to SJT items require cognition, reading comprehension, and 

reasoning, the validity of SJTs can be called into question. As a part of the early phases of this 

study, I measured the correlation between the SJT items and students’ scores on the content 

assessment, which measures a student’s understanding of the business content that is taught in 

the course. NFTE’s content assessment is intended to mirror the types of assessments that 

students experience in their core curricula, requiring reading and math skills. The reliability 

index between the SJTs and the content assessment was quite low (𝑟 = 0.21), suggesting that the 

assessments are not measuring the same construct. Further research can be done regarding the 

relationship between scores on SJTs and measures such as GPA or standardized test scores; 

however, if the SJTs were to be highly correlated with a cognitive assessment, it makes intuitive 

sense for that assessment to be related to entrepreneurial concepts.  

 Additionally, as previously noted, there are many ways to measure noncognitive skills, 

including Likert items, interviews, and subjective ratings from teachers, parents, or other 
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qualified evaluators. The EMI, from which the SJTs were utilized, also includes a number of 

Likert items to measure other noncognitive skills, including communication, opportunity 

recognition, and future orientation. These items have a higher, though still relatively weak, 

correlation with the SJT items (𝑟 = 0.44, 𝛼 = 0.01), suggesting that the SJTs measure skills 

different from the skills measured by the Likert items. This is likely due to the intention of the 

items – SJTs are skills-based, while the Likert items are attitudes-based. As a result, there is a 

strong argument to include SJTs in the conversation for noncognitive skill assessment, as the 

skills measured on SJTs are not captured in other types of assessments that are implemented in 

the classroom.  

With regard to the specific SJTs applied in this study, the application of multidimensional 

approaches unveiled some recommendations to be applied in the future. For example, the LAHE 

and HALE items were not performing and discriminating students as well as the LALE and 

HAHE items. This is likely due to the tension between an item that is high in one regard and low 

in another regard – an item such as this is difficult to measure. These items were designed before 

the internal structure of the SJTs were explored and, therefore, did not consider the potential 

four-attribute model; this is an issue of retrofitting. Given the results of the Q-matrix, it is 

perhaps more intuitive to design the response options around those attributes, two of which are 

adaptability and effectiveness. The SMEs did design the Q-matrix around the item stems, rather 

than around the item responses, so the attributes defined in the Q-matrix are not necessarily 

dependent on the current design of the item responses. As a result, I argue that the item responses 

should be designed and tested in reference to the attributes that are defined by the SMEs. In 

addition, there is clear value in collapsing the scoring based on response frequency; therefore, it 

is worth exploring a three-level scale as opposed to the current five-level scale. I argue that this 
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would lighten the cognitive load with minimal loss of data, allowing the items to better assess the 

noncognitive elements of the responses. This is especially true for younger students who 

currently struggle with the SJT portion of the assessment. In general, there are clear opportunities 

for future research to simplify the SJT items and make them more appealing in classroom 

settings. 

The current study could be expanded and improved in several ways, but most notable is 

with regard to a Q-matrix shortcoming. Early in the genesis of this study, it was evident that, in 

addition to polytomous scoring, polytomous Q-matrices should be explored. It can be argued that 

mastery of a skill can be measured on a continuous scale; however, current adoption of CDMs 

apply a dichotomous Q-matrix. Two very recent papers (Qin et al., 2024; Qingrong, 2024) 

developed Q-matrix validation techniques to develop polytomous Q-matrices. This indicates that 

the field is growing and, therefore, the marriage between noncognitive assessments and CDMs 

can be the driver for expansion of this field of research.  

As previously noted, modern day noncognitive assessments are not considered credible to 

apply in classroom settings (Duckworth & Yaegar, 2015; Zhou, 2017). A solution to this 

perception is to embrace a skills-based noncognitive assessment, like SJTs, and apply the 

appropriate psychometric technique to these items and assessments in order to produce the most 

accurate and informative feedback for students, teachers, parents, and potential admissions 

boards or employers. I argue that a new perception of noncognitive assessments can transform 

the ways in which students are taught and assessed, leading to more opportunities for students 

that otherwise suffer from the current assessment structure in education today. The understanding 

of students’ cognitive skills tells us what they know; the understanding of students’ noncognitive 

skills tells us, in part, how they behave when they don’t know something and when they are in 
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the process of learning and growing. It is inarguable that understanding both cognitive and 

noncognitive skills is a necessity to truly know our students and, therefore, know how successful 

our current education policies are and if classroom pedagogy should be adjusted accordingly. To 

ensure that our students are building skills that will propel them towards successful corners of 

society, it is of paramount importance that we consider all factors of our students and how the 

systems we build for them affects them.  This cannot be accomplished without assessment and 

measurement; we must, then, effectively apply the tools that we have in order to best serve our 

students.  
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Appendix A  

FA1_Intern 

You are working as an intern at a local real estate agency. Your boss asks you to stay for a one-

time training on a new software program, but you want to go home and are not very interested in 

learning the new software. How would you rate the effectiveness of the following options? 

 Not At All 

Effective 

Not Effective Neither 

Effective Nor 

Ineffective 

Effective Very 

Effective 

You agree to 

stay to learn 

the new 

software and 

try to find 

ways that you 

will use it in 

your position. 

0 1 2 3 4 

You agree to 

stay to learn 

the new 

software and 

do not ask the 

boss about 

how you may 

use it. 

3 4 3 2 1 

You agree to 

learn the new 

software, but 

try to 

schedule the 

training for 

another day. 

1 2 3 4 3 

You refuse to 

learn the new 

software and 

go home 

early. 

4 3 2 1 0 
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ISR5_Carla 

Carla operates a gluten-free bakery after school and earned $125 in the month of May. She is 

expecting to earn at least $200 in the month of June. However, she has a lot of other school 

commitments and will struggle to find the time to dedicate to her bakery. How would you rate 

the effectiveness of the following options if you were Carla? 

 Not At All 

Effective 

Not Effective Neither 

Effective Nor 

Ineffective 

Effective Very 

Effective 

Come up with 

a detailed 

schedule that 

outlines how 

she can 

manage her 

time in June 

to both fulfill 

the bakery 

orders and 

complete her 

school 

commitments.  

0 1 2 3 4 

Brace herself 

that it will be 

a busy month 

and take 

things as they 

come.  

3 4 3 2 1 

Pay someone 

else to handle 

the bakery 

orders in 

June. 

1 2 3 4 3 

Take a month 

off from the 

bakery and 

hope things 

calm down in 

July.  

4 3 2 1 0 
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Appendix B 

 

Table 1B 

Correlations between factors observed in MIRT and EFA 

 FA1 FA2 FA3 FA4 

MIRT1 0.14 -0.01 0.09 0.08 

MIRT2 0.18 0.04 0.06 0.003 

MIRT3 0.13 -0.004 0.03 0.06 

MIRT4 0.04 -0.05 0.14 -0.05 

 

 

 

Table 2B 

First Iteration of Q-Matrix 
Question 

Block 

1. 

Critical 

Thinking 

2. 

Understanding 

Complex 

Situations 

3. Career 

Understanding/Industry 

Knowledge 

4. Business 

Relationships/Empathy 

5. Human-

Centered 

Design 

Thinking 

6. 

Adaptability 

7. 

Decision-

Making 

8. 

Initiative 

1 0 1 1 1 0 1 1 1 

2 1 1 0 0 1 1 1 1 

3 1 0 0 1 0 1 1 0 

4 1 0 0 0 0 1 1 1 

5 1 1 0 0 0 1 1 1 

6 1 1 1 1 0 1 1 1 
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Appendix C 

Table 1C. Exploratory Factor Analysis (EFA) Model Fit Statistics for Three and Four-Factor 

Models 

Model RMSEA BIC 

Three-Factor .034 -982.72 

Four-Factor .031 -912.09 

 

 

Figure 1C. Path for the three-factor EFA solution.  
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Figure 2C. Path for the four-factor EFA solution.  
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Appendix D 

 

Table 1D 

Item-Level Descriptive Statistics  
Item  Item Difficulty Item Discrimination  

1a 0.49 0.59 

1b 0.32 0.302 

1c 0.45 0.14 

1d 0.55 0.61 

2a 0.604 0.56 

2b 0.24 0.073 

2c 0.23 -0.055 

2d 0.41 0.48 

3a 0.55 0.52 

3b 0.18 0.022 

3c 0.33 0.203 

3d 0.61 0.53 

4a 0.36 0.52 

4b 0.36 0.22 

4c 0.34 0.15 

4d 0.38 0.44 

5a 0.35 0.47 

5b 0.26 0.28 

5c 0.52 0.22 

5d 0.302 0.40 

6a 0.59 0.67 

6b 0.16 0.14 

6c 0.401 0.301 

6d 0.21 0.28 
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Appendix E  

 

Table 1E 

Point Distribution for Each Item 

Item 0 Points 1 Point 2 Points 3 Points 

FA1_HAHE 1.5% 2.9% 8.3% 38.0% 

FA1_HALE 0.0% 0.7% 20.5% 40.6% 

FA1_LAHE 0.0% 4.2% 11.5% 39.5% 

FA1_LALE 4.6% 6.8% 12.2% 21.2% 

FA3_HAHE 1.0% 2.4% 7.3% 28.8% 

FA3_HALE 0.0% 3.8% 13.7% 58.1% 

FA3_LAHE 0.0% 14.8% 26.8% 34.9% 

FA3_LALE 3.5% 8.5% 16.6% 30.1% 

FA6_HAHE 1.4% 2.2% 8.3% 33.5% 

FA6_LAHE 0.0% 15.5% 25.9% 40.6% 

FA6_HALE 0.0% 3.0% 9.3% 54.2% 

FA6_LALE 3.0% 4.2% 13.2% 18.6% 

ISR1_HAHE 1.4% 4.3% 13.2% 45.9% 

ISR1_HALE 0.0% 3.7% 14.5% 45.9% 

ISR1_LAHE 0.0% 6.4% 15.5% 44.4% 

ISR1_LALE 3.7% 11.5% 20.7% 26.5% 

ISR3_HAHE 1.9% 5.1% 13.8% 44.5% 

ISR3_HALE 0.0% 9.1% 27.5% 37.7% 

ISR3_LAHE 0.0% 1.8% 6.7% 39.3% 

ISR3_LALE 3.5% 7.6% 24.3% 34.4% 

ISR5_HAHE 0.9% 2.4% 8.4% 29.1% 

ISR5_HALE 0.0% 8.2% 36.1% 39.7% 

ISR5_LAHE 0.0% 7.2% 16.9% 35.8% 

ISR5_LALE 2.6% 11.7% 29.7% 34.6% 
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Figure 1E 

 

 


