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Abstract
Psychological researchers frequently use self-report scales to classify individuals into diagnostic
categories. Item response theory (IRT) is the recommended family of mathematical models for
scoring psychological scales. The accuracy of IRT scores is dependent upon the extent to which
the assumptions invoked by the IRT model are met. Techniques such as multi-group IRT allow
for more accurate estimation of scores when the assumption of item invariance is violated.
However, if the grouping variable causing differential item functioning (DIF) is complex,
unmeasured, or unknown, modeling DIF through the IRT framework becomes unreasonable.
Random forests (RF), as a nonparametric machine learning approach, do not assume item
invariance and may be a reasonable approach to classification when DIF is complex,
unmeasured, or unknown. Using a Monte Carlo simulation, this study examined the performance
of three IRT-based approaches and one RF-based approach to classification when data contained
complex DIF caused by multiple demographic variables. Classification performance was
evaluated across six metrics: accuracy, sensitivity, specificity, precision, negative predictive
value, and F1 score. Results indicate that the classification performance of the second-order IRT
model-based approach was higher than that of either of the multidimensional IRT model-based
approaches. Higher classification performance was observed from the RF-based approach than
the second-order IRT-based approach in most conditions. However, in conditions where the focal
group was simulated to have the same or higher levels of the latent trait than the reference group,
second-order IRT-based classifications were more sensitive than RF classifications.
Additionally, the classification performance of the RF approach was strongly associated with

measurement error, such that more measurement error led to lower classification performance.
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Introduction

Psychological self-report scales are widely used in research to stratify individuals into
diagnostic classes. In research contexts, these scales often supplement or replace more extensive
diagnosis tools, informing decisions about participant inclusion, group comparisons, and variable
modeling in large-scale studies (de Lauzon et al., 2004; Jacobsen et al., 2024; Oztiirk Ozkan et
al., 2025). For example, researchers have used the three-factor eating questionnaire (de Lauzon
et al., 2004) to stratify individuals into diagnostic groups when investigating the relationship
between social media use and disordered eating (Oztiirk Ozkan et al., 2025), the depression
anxiety stress scale (Jacobsen et al., 2024) to compare coping strategies among mental health
practitioners with and without depression or anxiety (Stals et al., 2024), and the schizotypal
personality questionnaire (Chmielewski & Watson, 2008) to examine social, cognitive, and
emotional functioning in individuals with schizotypal personality disorder (Aghvinian & Sergi,
2018). In some research designs, diagnostic class membership determines study condition
assignment—as in regression discontinuity designs where treatment is assigned based on a
symptom severity threshold (e.g., Krantz, 2022).

In the context of clinical diagnostic assessment, the best available estimate of an
individual’s true level of the diagnostic construct is typically a structured clinical interview or
laboratory test.! In practice, the results of these tests are often treated as the “gold standard”
estimate against which all other measures of the diagnostic construct should be judged. Direct
assessment via this gold standard, however, usually requires testing and documentation of

symptoms by a licensed clinician and is often costly, time-intensive, and potentially invasive. For

L1 highlight that these are best understood as the best available estimate, not a fixed ground truth, as even such
assessments do not result in error-free measurements of the latent trait (Buss et al., 2023; Haslam et al., 2020; Watts
et al., 2024; Widiger & Samuel, 2005).



these reasons, the use of a gold standard may be unreasonable in many research contexts.
Instead, researchers use the items of a psychological scale as observed variables to estimate an
individual’s level of the latent construct (Borsboom et al., 2003; Lord & Novick, 2008). These
estimates are known to be imperfect because they contain some degree of noise resulting from
question wording, participant fatigue, or inattention; differences in the latent variable and
observed variable measure; or additional factors (Jacobucci & Grimm, 2020; Lord & Novick,
2008; McNeish, 2022; Rhemtulla et al., 2020; Vowels, 2023). When assessing the utility of a
scale, researchers must quantify the degree of noise (i.e., measurement error) that is present in
these estimates. Put another way, it is important to determine if scores from a given scale
reasonably approximate those of the latent construct (DeVellis, 2012; Flake et al., 2022;
Monaghan et al., 2021). In the context of scales designed to measure a clinical construct, best
practices recommend assessing the degree to which estimates from the scale predict individuals
into the same diagnostic class as would the gold standard.

Some amount of misclassification is to be expected, as no scale score is without
measurement error (Furr, 2020; Gonzalez, 2021; Jacobucci & Grimm, 2020; McNeish, 2022;
Rhemtulla et al., 2020; Vowels, 2023) and self-report scales are not synonymous with a clinical
diagnosis (Kohrt et al., 2025). However, misclassification can also occur as a function of
misspecification of the scoring model. Scoring models invoke certain assumptions, and the
extent to which these assumptions are met (or violated) partially determines how precisely
individual trait levels can be estimated and, consequently, how accurately individuals can be
classified (Emons et al., 2007; Flake et al., 2017, 2022; Flake & Fried, 2020; I. Han et al., 1996;

Hussey & Hughes, 2020; Messick, 1995; Salloum et al., 2024; Shaw et al., 2020; Vowels, 2023).



Often in practice, psychological scales are assumed to be unidimensional, determining
classifications based on a single, continuous score (Avila et al., 2015; McNeish, 2024, 2026;
McNeish & Wolf, 2020; Stickle & Weems, 2006). As such, the literature on classifying
individuals based on scores from self-report scales has largely focused on the unidimensional
case (Bain et al., 2026; Gonzalez, 2021; Gonzalez et al., 2021; Templin et al., 2008). However,
many psychological constructs, and their corresponding scales, are multidimensional (e.g.,
multidimensional but is scored as though it were unidimensional, the resulting estimates of the
latent trait are less precise and less diagnostically accurate (Groen, 2014; Lai & Zhang, 2022;
Reise et al., 2007; Soland et al., 2024; Vowels, 2023; Walker & Beretvas, 2003).

Multidimensionality can manifest at two levels: within-item and between-item (Figure 1;
Wilson & Hoskens, 2005). Between-item multidimensionality occurs when different subsets of
items from a given scale reflect distinct latent constructs, but each item loads onto one and only
one factor (e.g., Model A). Within-item multidimensionality occurs when individual items
themselves are indicators of more than one construct simultaneously, either through cross-
loadings (e.g., Model B) or general-specific structures (e.g., Model C). Within-item
multidimensionality can arise from genuine psychological complexity—a depression scale item
asking about fatigue may load on both a depressive affect factor and a somatic symptom factor—
or from measurement artifacts such as the wording effects introduced by negatively keyed items,
which can produce a secondary response factor distinct from the construct of interest.

A particularly consequential form of within-item multidimensionality occurs when a
dimension is associated with observable group membership. In this case, items may exhibit

differential item functioning (DIF): item responses vary systematically across groups (e.g.,



racial, cultural, or gender groups) beyond what is explained by differences in the target construct.
Both uniform DIF, in which item severity differs across groups, and non-uniform DIF, in which
the strength of association between the item and the construct differs across groups, can decrease
classification accuracy and introduce systematic error into group comparisons.

Despite growing methodological attention to dimensionality and measurement bias
(Black et al., 2024; Fallon et al., 2021; Gonzalez & Pelham 111, 2021; Lai & Tse, 2024; Luong &
Flake, 2023; Navarro-Gonzalez et al., 2024; Tay et al., 2022), the most common approach to
classification in psychological research remains the application of a single fixed cut-point to an
unweighted summed score. Such an approach invokes a set of psychometric assumptions that,
when violated, bias assessment scores and thereby decrease the accuracy of the resulting
classifications (e.g., De Ron et al., 2021; Haslbeck et al., 2022; Lundstrom et al., 2022; Ramsay
et al., 2020; Wu et al., 2014). Specifically, use of an unweighted summed score assumes that all
items are equally associated with the construct and that the latent trait is unidimensional.
Stratifying individuals based on a single fixed cut-point assumes that this cut-point ignores
measurement uncertainty in score estimates. These assumptions are pragmatically appealing but
are rarely met by observed data. Violations of these assumptions can decrease diagnostic
accuracy when constructs are multidimensional, when items differ in their severity or strength of
association with the construct, or when a non-compensatory classification rule is more
theoretically justified—that is, when high scores on one dimension should not be allowed to
offset low scores on another.

Two alternative approaches to deriving classifications from diagnostic assessments are
discussed in this paper. Item response theory (IRT) is a parametric family of models in which

item responses are used to estimate a latent trait score, which is then compared to a threshold to



stratify individuals into diagnostic classes. IRT models also invoke assumptions, discussed in
detail in Chapter 2, but these assumptions are less restrictive than those invoked by an
unweighted summed score. One such assumption is that of item invariance, or the assumption
that two individuals with the same level of a latent trait will respond the same way to a given
item. When this assumption is not met, a scale is said to exhibit differential item functioning
(DIF). Extensions of IRT, such as multi-group IRT and mixture IRT, have been developed to
allow for more accurate estimation of scores when a scale contains DIF. However, if the
grouping variable causing differential item functioning (DIF) is complex, unmeasured, or
unknown, the use of such approaches is unreasonable. More discussion as to why can be found in
Chapter 2. In such cases, DIF is left unmodeled, and estimated IRT scores are biased. This bias is
then carried forward into IRT-based diagnostic classes. As such, a practically reasonable
alternative is needed when the cause of DIF is complex, unknown, or unmeasured.

Prior work has found that RF may be a viable approach in such scenarios (Bain et al.,
2026). However, this prior simulation invoked the simplest case of unmodeled DIF, when DIF is
caused by a single, binary grouping variable. Additionally, only unidimensional scales were
simulated. Whether RF classification remains a viable approach when DIF is caused by an
interaction of multiple grouping variables or when scales are multidimensional has not been
examined.

While this study investigates if RF offers a viable approach to classification problems, the
author is not advocating for RF as a substitute for IRT or other traditional psychometric models
in all cases. IRT remains essential to the field of psychology. IRT produces scores that are
independent of the particular items administered and test information functions that quantify

measurement precision across the full range of the construct rather than assuming a uniform



standard error for all respondents (Embretson, 1996; Hambleton et al., 2011). This has direct
consequences for clinical practice: when measurement error varies systematically across trait
levels, as it typically does for psychological measures with categorical response formats, using a
single standard error can attenuate effect sizes, reduce statistical power, and impair diagnostic
sensitivity and specificity (Embretson, 1996; Gilbert, 2025). IRT also allows for differential item
functioning analysis to detect item-level bias across demographic groups (Battauz, 2019; Fallon
et al., 2021; Paulsen et al., 2020; Wald, 1947), supports scale linking and equating that places
scores from different instruments on a common metric, and provides the psychometric
foundation for computerized adaptive testing, which achieves equivalent precision with
substantially fewer items and reduces respondent burden (Gibbons et al., 2016; Huang et al.,
2012; Van Groen et al., 2019). Beyond these applied advantages, IRT remains the gold standard
approach to scoring in psychology, and the proposed RF approach is best understood as a
complement to, rather than a replacement for, IRT.
Purpose of the Study

This dissertation aims to assess if RF is a viable approach to classification under
conditions of between-item multidimensionality and complex DIF. Using a Monte Carlo
simulation, this dissertation systematically manipulates key psychometric features, such as scale
dimensionality, DIF prevalence, and DIF strength, to evaluate classification performance across
three research questions. First, when a scale is multidimensional, should classification decisions
be made using a general scale score or using the scores of each dimension separately? Second,
how does the number of dimensions in a scale affect the performance of both IRT-based
classification and RF classification approaches? Third, how does complex DIF affect the

performance of both IRT-based classification and RF-based classification approaches?



These questions have both methodological and applied implications. They address
ongoing concerns about construct complexity and measurement bias and fairness in assessment.
By systematically evaluating how classification accuracy is affected by realistic violations of
assumptions invoked by psychometric models, this study aims to provide proscriptive guidance
for researchers who rely on diagnostic assessments to make classification decisions in
psychological research.

This dissertation is organized into six parts. The first discusses the role that psychological
scales play in research-based diagnostic assessment as well as measures that can be used to
quantify classification performance of a scale. The second describes different approaches to
classification with IRT scores. The third presents the use of RF for classification. The fourth
outlines study goals and the Monte Carlo simulation design. The fifth presents the results from
the Monte Carlo simulation. Finally, the sixth section discusses the implications, strengths,
limitations, and future directions of this research.

Chapter 1: Diagnostic Assessment via Psychological Scales

Psychological scales are comprised of a series of items quantifying observable (e.g.,
behavioral or cognitive) indicators of an underlying psychological construct (e.g., depression,
anxiety, or disordered eating). A scale score is estimated by modeling the relationship between
the underlying latent trait and the observed indicators.? The latent trait is assumed to follow a
continuous, normal distribution. However, the goal of diagnostic assessment is to partition these

continuous trait values, or more accurately the obtained estimates of the trait values, into discrete




generalizability of research findings (Flake, 2021; Gonzalez, 2021; Jacobucci & Grimm, 2020;
X. Liu, 2012; J. Wang & Tian, 2024). As such, accurate measurement and scoring are
foundationally important in psychology.

This chapter examines the psychometric foundations of diagnostic classification using
individuals’ responses to psychological scales, beginning with approaches to scoring and latent
trait estimation and progressing through the challenges of transforming continuous scores into
categorical classifications. Two approaches to predicting diagnostic classes are then compared: a
parametric, psychometric approach and a nonparametric approach. The chapter also addresses
how the choice between compensatory and non-compensatory scoring frameworks affects
classification accuracy and presents key measures of classification performance used to evaluate
diagnostic decisions. Finally, the consequences of misclassification are discussed.
Psychological Scale Scoring and Latent Trait Estimation

As mentioned, psychological constructs are rarely directly measurable. As such,
researchers rely on observed indicators, typically in the form of self-report items, to estimate a
respondent’s level of a latent trait. In this context, the term “latent trait” refers to the
unobservable psychological construct of interest, and “trait estimation” refers to the process of
estimating an individual’s level of the construct from their observed item responses. Most items
in psychological scales use Likert-type response formats, which provide ordinal data (Blanton &
Jaccard, 2018; J. K. Lee et al., 2023).

The most widely used scoring method is the summed score, which sums observed item
responses to estimate the latent trait (Ferrando & Lorenzo-Seva, 2021). This approach has the
advantage of being simple to implement, easy to repeat across studies, not restricted by sample

size, and able to be implemented in any statistical software program. However, use of a summed



score makes strong assumptions about the relationship between the scale items and the latent

McNeish and Wolf (2020) showed that computing a summed score is mathematically
equivalent to fitting an extremely constrained unidimensional confirmatory factor analytic model
that makes two major assumptions. First, it assumes that all the loadings across items are equal
(and oftentimes set to one). Second, it assumes that the residual variances are also equal across
items. Put another way, in order for the use of summed scores to be justified, a scale must meet
not only the assumption of tau-equivalence but also the more restrictive assumption of
parallelism (Graham, 2006; Lord & Novick, 2008; Raykov, 1997b, 1997a). Additionally, the use
of summed scores assumes that measurement invariance holds across samples (McNeish, 2022;
Widaman & Revelle, 2024).

In practice, however, these assumptions are often violated. First and foremost, when a
scale is multidimensional, treating all items as indicators of a single construct ignores important
distinctions between symptom domains (Ayearst & Bagby, 2010; R. Liu, 2018; G. T. Smith et
al., 2009; Stickle & Weems, 2006). When tau-equivalence is violated, summed scores give equal
weight to items that may differ substantially in their relationship to the underlying trait,
potentially over-weighting weak indicators and under-weighting strong ones (McNeish & Wolf,
2020). When the assumption of measurement invariance is violated, summed scores
systematically over- or under-estimate trait levels for certain groups, introducing bias into both
individual classifications and group comparisons (Widaman & Revelle, 2024). When any of
these violations occur, summed scores produce biased and imprecise trait estimates (Borsboom,

2006; McNeish, 2022; McNeish & Wolf, 2020; Raykov & Zhang, 2025; Widaman & Revelle,



2023, 2024). This error can carry forward, resulting in misclassification of respondents. Despite
these limitations, summed scores continue to be widely used (Sijtsma et al., 2024).

Recent advances in latent variable modeling have provided researchers with access to
measurement models that require fewer constraints than the model implied by the summed score.
Scores estimated via these more complex models are often referred to broadly as factor scores.
Moreover, McNeish (2022) demonstrated that the psychometric properties—correlations with
true scores, classification accuracy, and reliability estimates—of summed scores and factor
scores differ even when their correlation is 0.98, such that factor scores have higher correlations
with true scores, higher sensitivity, and higher reliability.

The majority of latent variable modeling approaches used in applied psychological
research fall within one of two broad frameworks: item response theory (IRT) or structural
equation modeling [see Borsboom and Cramer (2013) for an alternative network perspective that
has recently grown in popularity]. This dissertation focuses on the IRT framework. Further
technical details about IRT estimation and multidimensional models are provided in Chapter 2.
For the present purposes, it is sufficient to note that trait estimation, regardless of latent variable
modeling approach, results in a continuous output. To make a diagnostic decision, discrete
classes must be predicted from this continuous estimate. The following section details possible
approaches to predict these classes.

Classification Strategies

Two possible approaches to predicting these classes include (1) a multi-step psychometric
approach or (2) a nonparametric classification approach (Giannouli & Kampakis, 2024;
Gonzalez, 2021; Holden et al., 2011). In the psychometric approach, a researcher first uses a

mathematical model to estimate an individual’s level of the latent trait (e.g., the 6 estimate from
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an IRT model) and then determines a decision rule that can be applied to assign an individual
into a predicted class based on their estimated score. For example, one decision rule is a simple
cut-point such that individuals with latent trait levels above the cut-point are placed in one class
(e.g., diagnosed with the disorder), while those with scores below the cut-point are placed in the
other (e.g., the non-diagnosed class). The nonparametric approach does not estimate an
individual’s latent trait level. Rather, it predicts the probability of an individual’s class
membership from their item responses and then uses a set of decision rules applied to this
probability to assign an individual into a predicted class based on this probability. This
dissertation considers IRT as the parametric approach and RF as the nonparametric approach.
The choice of decision rule corresponds to one of two general sets of scoring frameworks.
Compensatory vs. Non-Compensatory Scoring

Compensatory scoring rules allow for high scores in one dimension to offset lower scores
in another. In contrast, non-compensatory scoring rules require scores across all assessed
dimensions to exceed a set threshold (Templin & Henson, 2006). When a scale is
unidimensional, these rules are the same, as there is only one assessed dimension.

When applied to diagnostic classification, compensatory scoring strategies assume that
elevations on one symptom dimension can offset lower levels on another. To implement this
approach, information first must be combined across dimensions, and then a single threshold is
applied at the scale level to predict classification (Bovin et al., 2016; Byllesby & Palmieri, 2023;
Meyers, 2018). However, compensatory scoring invokes the assumption that the dimensions are
all interchangeable indicators of an overarching construct, such that higher severity in one
domain contributes equivalently to classification as severity in another (Fried & Nesse, 2015;

McNeish & Wolf, 2020). This logic is embedded in many multidimensional scales that are
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recommended to be scored with a unidimensional model for diagnostic purposes (Baker et al.,
2019; Bovin et al., 2016; Hailu Gebrie, 2018; Raymond & Butler, 2025; Rosenthal et al., 2021).

For example, Raymond and Butler’s (2025) MisoQuest scale treats misophonia as a
unidimensional construct, recommending scoring the scale by taking a total score and
thresholding such that scores greater than or equal to 61 indicate the presence of clinically
significant misophonia. However, much of the previous research on misophonia indicates that it
is a complex disorder comprised of many unique dimensions (Bain et al., 2025; Rosenthal et al.,
2021; Schroder et al., 2013). Thus, by using a single score, MisoQuest reduces items measuring
multiple theoretical domains of misophonia (e.g., impairment, affective and cognitive reactions,
and coping and avoidance behaviors) into a latent dimension of misophonia severity (Silva et al.,
2024). Although this approach is supported by psychometric evidence, it assumes compensatory
interchangeability among symptoms (e.g., anger compensating for avoidance; Raymond &
Butler, 2025; Silva et al., 2024).

In contrast, non-compensatory scoring strategies invoke the assumption that each
dimension is unique, and one cannot be exchanged for the other. Put another way, severity levels
need to be elevated across all dimensions for a diagnosis to be assigned, and no amount of
severity in one dimension can compensate for the absence of severity in another.
Mathematically, this means that thresholds are conjunctive rather than additive, and multiple cut-
points are needed to make a classification decision (Kroc & Olvera Astivia, 2022). The proposed
diagnostic criteria for misophonia exemplify this structure, requiring elevated levels of
symptomology in all six different domains (Table 1; Schrdder et al., 2013). Low symptom
severity in one of the six domains precludes a diagnosis, regardless of symptom severity

elsewhere.
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Regardless of whether a compensatory or non-compensatory scoring rule is applied,
researchers need to assess the clinical utility of a given scale by quantifying how well scale
scores predict gold standard diagnostic classes. The following section provides a brief overview
of different metrics that can be used to assess classification performance.

Measures of Classification Performance

A confusion matrix can be used to describe the relationship between an individual’s gold
standard diagnostic status and their predicted classification. An illustrative example is shown in
Table 1.

The confusion matrix summarizes classification decisions by cross-tabulating observed,
gold standard diagnostic status against predicted classification. Four outcomes are possible: true
positives (TP; correctly predicted to be diagnosed), false negatives (FN; incorrectly predicted to
be not diagnosed), false positives (FP; incorrectly predicted to be diagnosed), and true negatives
(TN; correctly predicted to be not diagnosed). All illustrative confusion matrix can be found in
Table 2.

Below are key statistics derived from the confusion table that are commonly used to
assess classification performance. Accuracy measures the proportion of correctly classified

instances (both true positives and true negatives) out of the total instances. It is computed as:

TP+TN

Accuracy = ——, 1
y TP+FN+FP+TN (1)

Sensitivity quantifies the models’ ability to correctly identify positive instances. It is calculated

as:

TP
TP+FN’ (2)

Sensitivity =

Specificity measures the models’ ability to correctly identify negative instances. It is computed

in the following way.
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TN
TN+FP’ (3)

Specificity =

Precision assesses the proportion of true positive predictions among all positive predictions. It is

given by:

TP
TP + FP’ (4)

Precision =

Negative predictive value (NPV) quantifies the proportion of true negative predictions among all

negative predictions. It is calculated as:

TN
TN + FN’ (5)

NPV =

All statistics discussed so far are influenced by the relative sizes of the diagnostic groups.
Therefore, a more balanced measure, the F1 score (F1), is often reported. The F1 is the harmonic

mean of precision and sensitivity:

Precision X Sensitivity

Flscore = 2X — —, (6)
Precision + Sensitivity

Determining the location of the diagnostic cut-point(s) is vital as it affects not only
overall classification accuracy but also the relative accuracy (and error) for either diagnostic
class. For example, it is important to maximize the proportion of individuals correctly identified
as meeting diagnostic criteria (sensitivity) as well as the proportion of individuals correctly
identified as not meeting diagnostic criteria (specificity). If the cut-point is set too high,
sensitivity will decrease, resulting in more FNs. If the cut-point is set too low, specificity will
decrease, resulting in more FPs.

In a model with no classification error, the above statistics would all be equal to one.
There are several approaches available in the literature to optimize classification accuracy
(Gibbons et al., 2016; X. Liu, 2012; Youngstrom, 2013; Zweig & Campbell, 1993). One widely

used method is receiver operating characteristic (ROC) curve analysis (Youngstrom, 2013). ROC
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curve analysis allows researchers to visualize and select a cut-point that balances sensitivity and
specificity appropriately for their specific research.

ROC curves are constructed by calculating sensitivity and specificity across a range of
possible thresholds. These values are then plotted, with the curve showing how classification
performance changes as a function of the threshold (Figure 2). For example, to balance
sensitivity and specificity, a researcher may select the threshold that maximizes the Youden
index (Liu, 2012). The Youden index is the point in the ROC curve that is farthest away from the
chance diagonal. In practice, researchers may not value sensitivity and specificity equally and
may wish to choose the threshold that prioritizes one over the other. For example, in high-risk
scenarios (e.g., suicide risk), maximizing sensitivity may be prioritized at the expense of
specificity. Once the threshold is selected, it can be applied to predict the diagnostic classes from
the continuous score.

One is also able to assess how well a scale discriminates between classes via the shape
and height of the ROC curve. Often, a reference line is included in the plot to illustrate the
chance diagonal (a 45-degree line from the bottom left of the plot to the top right; Figure 2). The
area under the ROC curve (AUC) can also be helpful in comparing the performance of
classifiers. The AUC provides a single summary statistic of classification performance across all

possible thresholds. Mathematically, the AUC can be expressed as:

AUC = [, TPR(FPR™'(x))dx, ©)
where TPR is the true positive rate (sensitivity) and FPR is the false positive rate (1 —
specificity). The AUC is equal to the probability that a randomly selected diagnosed individual

has a higher predicted score than a randomly selected non-diagnosed individual (Hanley &

McNeil, 1982). It can also be interpreted as the average sensitivity across all values of

15



specificity, or the reverse, the average specificity across all values of sensitivity. A curve that
follows the chance diagonal will have an AUC of .50, while curves that illustrate stronger
performance will have AUC values closer to 1.0.

Consequences of Misclassification in Research

Misclassification has both interpretive and theoretical consequences (Bradford et al.,
2024; Staccio, 2025; Wakefield, 2007, 2010). False positives may result in overpathologizing
normative behavior, contributing to inflated prevalence estimates and potentially stigmatizing
individuals without clinical symptoms (Wakefield, 2010, 2015, 2016). Conversely, false
negatives reduce statistical power, underestimate associations between constructs, and omit
clinically relevant cases from analyses, potentially leading to underestimation of group
differences or failure to detect meaningful effects (Blakely et al., 2013; Brennan et al., 2021;
Chyou, 2007; Egleston et al., 2011; Hofler, 2005; Soland et al., 2024; Tiego et al., 2023; Valeri
& Vanderweele, 2014; Vowels, 2023; Weiss & Dardick, 2021; Yland et al., 2022; Zheng & Tian,
2005).

When misclassification is systematic (i.e., more likely in one group than another), bias
can occur in either direction, potentially overestimating, underestimating, or even incorrectly
estimating the direction of observed associations (Chyou, 2007; Gallop & Weschle, 2019;
Hofler, 2005; Imai & Yamamoto, 2010, 2010). This creates challenges for group comparison
studies, where unequal classification accuracy across groups can produce spurious findings or
mask true differences. One possible explanation for systematic misclassification is differential
item functioning (DIF). If items function differently across groups, but the same scoring model is
used for both groups, trait estimates become biased, and classification thresholds that are

appropriate for one group may be inappropriately stringent or lenient for another (Gonzalez &
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Georgeson, 2020; Gonzalez & Pelham 111, 2021). This can result in systematic over-diagnosis in
some groups and under-diagnosis in others, perpetuating health disparities and contributing to
inequitable treatment access.

The impact of DIF on classification accuracy is a function of both the magnitude of item
bias and the number of biased items in the scale (Ozcan & Lai, 2025; Paulsen et al., 2020; Rome
& Zhang, 2018). Even small amounts of DIF across multiple items can accumulate to produce
substantial differences in classification rates between groups (Rome & Zhang, 2018). For
example, if a depression scale contains items that are more likely to be endorsed by one cultural
group at equivalent levels of depression, individuals from that group may be disproportionately
classified as depressed, while individuals from other groups may be systematically missed. Such
patterns can reinforce stereotypes, contribute to over-pathologization of certain populations, and
undermine trust in psychological assessment practices (Droubay et al., 2025; Jennings et al.,
2022; Mongelli et al., 2020; Schwartz & Blankenship, 2014; Teplin et al., 2023; Wakefield,
2010, 2015, 2016). Ensuring measurement fairness is therefore not only a psychometric necessity
but also a matter of equity regarding ethical assessment practice.

Another possible explanation for misclassification is improper selection of a scoring rule.
When non-compensatory disorders are measured with compensatory scoring systems, the scoring
model is misspecified, and the risk of misclassification increases (R. Liu, 2018; Tamano et al.,
2025; Vowels, 2023). Individuals may be labeled as diagnosed based solely on extreme scores in
a single dimension despite low or moderate scores on other dimensions, producing false
positives. On the other hand, individuals with moderate levels across all domains may fail to
exceed the total score threshold, producing false negatives (Tamano et al., 2025; Tan et al.,

2022). If a unidimensional total score is used, it may fail to exceed the recommended diagnostic
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threshold, even though the pattern meets all diagnostic criteria (Avila et al., 2015; Karukivi et al.,
2017; Linde et al., 2022; Ravand & Baghaei, 2019; D. Wang et al., 2019).

Given the substantial consequences of misclassification, researchers must carefully
consider cut-point selection and classification performance during both scale development and
selection (Gonzalez, 2021; Kyriazos & Stalikas, 2018; Stefana et al., 2025). Cut-point selection
should be justified based on the specific goals and consequences of the research context (H. E.
Jones et al., 2019; Monaghan et al., 2021; Sheldrick et al., 2015). ROC analysis and cross-
validation techniques should be employed to evaluate and optimize classification performance
(LeDell et al., 2015; Song et al., 2021; Sweet et al., 2023; Youngstrom, 2013; Zweig &
Campbell, 1993).Additionally, researchers should report a set of classification performance
metrics (e.g., accuracy, sensitivity, specificity, negative predictive value, etc.) rather than
accuracy alone. These metrics provide a more complete picture of how a scale performs across
different classification thresholds and population base rates.

Classification accuracy depends not only on the choice of scoring rule or decision cut-
point, but also on the quality of the underlying trait estimates from which the classifications are
derived. Traditional summed score methods, while easy to implement, often fail to account for
key psychometric complexities such as between-item variation in discrimination and severity and
the multidimensional structure of many constructs. Advanced variable models, particularly IRT-
based scoring, address many of these limitations. The following chapter discusses IRT-based
approaches to diagnostic classification, with a focus on the strengths of IRT scoring models over

other advanced latent variable modeling approaches to scoring.
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Chapter 2: IRT-Based Diagnostic Classification

Many papers on the development or evaluation of a given psychometric scale will
provide a recommended cut-point for diagnostic classification that is based on a summed score
(e.g., Carvalho et al., 2019; Jacobsen et al., 2024; Ohi et al., 2024; Williams et al., 2022;
Wortmann et al., 2016). As such, diagnostic classifications are often derived using a summed
score-based approach. However, it is well documented that item response theory (IRT) models
have distinct scoring advantages over summed scores. As such, IRT-based approaches to
diagnostic classification could be used instead. The overall process for IRT-based classification
is outlined in Figure 3.

According to Edwards (2009), IRT is a family of latent variable models that seek to
uncover the underlying process that influences responses to observed variables. This relationship
is driven by properties of individuals (i.e., 8, which corresponds to the level of the latent variable
or construct of interest) and the properties of the items. IRT models are used for the development
and validation of many existing diagnostic scales (Bain et al., 2025; Bradshaw & Templin, 2014;
Dawson et al., 2010; Edelen & Reeve, 2007; Lo et al., 2017; Nikan et al., 2018; Rosenthal et al.,
2021; Thissen & Wainer, 2001). There are many benefits of working within the IRT framework
for scale development and evaluation. A detailed discussion can be found in Edwards (2009),
Embretson and Reise (2000), and Thissen and Steinberg (2009). I focus here on the specific
benefits that are related to scoring.

Advantages of IRT Scoring

The research highlighting the general advantages of score estimation via advanced latent
variable models over estimation via a simple summed score was discussed in Chapter 1.

Therefore, this section is focused on the advantages of IRT-based scoring over factor analytic
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model-based scoring.® As noted by Thissen and Thissen-Roe (2022), although both IRT and
factor analysis are members of the larger family of advanced latent variable modeling strategies,
they have largely separate histories. IRT models were mostly developed to estimate test scores
from observed discrete data. Factor analysis models were developed to estimate factor loadings,
residual variances, and possibly factor means from observed continuous data. Factor analytic
scoring procedures are based on regression (Bartlett, 1937; Thomson, 1935, 1936, 1938;
Thurstone, 1935, 1947), and the literature on factor score estimates is often about the specific
properties of the estimates, such as whether they are conditionally unbiased or whether they have
the right variances and correlations with other variables, rather than the estimates themselves
(e.g., Devlieger et al., 2016; Hoshino & Bentler, 2013, 2013). To borrow the words of Thissen
and Thissen-Roe, “in the factor analytic framework, factor score estimates have been a stepchild,
often unwanted.” (Thissen & Thissen-Roe, 2022, p. 1). Here, three advantages of IRT scores are
discussed: (1) conditional measurement precision, (2) sample (in)dependence of item and person
parameters, and (3) modeling the non-linear item-trait relationship. A fourth advantage of IRT is
formal frameworks for differential item functioning (DIF), but discussion of this advantage is left
until the section on DIF later in this chapter.

Perhaps the most fundamental advantage of IRT scores is that measurement error is
explicitly modeled as a function of the latent trait level. Under the factor analytic framework,
measurement error is assumed to be completely random and uncorrelated with everything,
including the level of the latent construct (Rhemtulla & Savalei, 2025). IRT models do not

invoke this assumption. Rather, IRT quantifies the precision of the scale at every point along the

% Note that although factor analysis can be done in the IRT framework, the term factor analysis or factor analytic
methods is used here to refer to the measurement model aspect of structural equation modeling. The term “factor
scores” is here after used to refer to scores estimated via the factor analytic framework.
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latent trait continuum through test information functions (TIFs; discussed in further detail later in
this chapter). The inverse of a TIF is a function of conditional standard error across the latent
trait continuum. This means a researcher using IRT scores knows not just that their measure has
some test-level global reliability of 0.85, for example, but that it is less precise for individuals
with lower trait levels. This information is not available with traditional factor scores.

Factor analytic item statistics (e.g., p-values and point-biserial correlations between the
item and latent trait) are sample dependent, meaning if a researcher administered the same test to
a group with high average trait levels, items appear less meaningful than if administered to a
group with low average trait levels. This creates problems for cross-study comparisons. IRT
parameters, assuming correct model fit, are theoretically sample-invariant (up to a linear
transformation of the scale), and person parameters are item-invariant (Edwards, 2009).

Factor scores assume a linear relationship between the latent construct and the observed
item responses. As argued by Embretson (1996), this assumption is almost certainly violated for
binary and ordinal items, particularly in the tail ends of the distribution of the latent trait. IRT
does not make this assumption; it models the relationship between the estimate of the latent trait
and responses to ordinal items with a logistic curve, explicitly capturing the nonlinearity. Two of
the most common IRT models used in the psychological sciences are Samejima’s graded
response model (GRM; 1997) and its multidimensional extension (MGRM; see De Ayala, 1994).
Graded Response Model (GRM)

The GRM is commonly used in the development of diagnostic scales based on Likert-

type item responses. It can be expressed as:

1 1
1+ exp[—a]-(e — bcj)] B 1+ exp[aj(e — b(c+1)j)]

P(xj=c|6)= 8)
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which represents the probability of endorsing response option c¢ given the latent trait (6),
resulting in the observed response (x;) to item j (Samejima, 1997). The GRM uses differences in
cumulative probability to determine the probability of answering with a specific response option
on each item. Specifically, the GRM compares the probability of responding with category ¢ and
the probability of responding with successive ¢ + 1 categories. For example, using a typical 5-
point Likert scale (i.e., C =5), there are five possible responses: {0, 1, 2, 3, 4}. As such, the
GRM will compute the comparisons: {0} vs. {1,2,3}; {0,1} vs. {2,3}; {0,1,2} vs. {3,4}; and
{0,1,2,3} vs. {4}. For an item with C categories, this results in C — 1 b-parameters, each
representing the point on the latent continuum where the probability of selecting a higher
category surpasses that of the current one.

The a-parameter, or discrimination parameter, represents the slope for item j and reflects
how well an item distinguishes among individuals with different levels of the latent trait. A
steeper slope suggests that a larger portion of the variability in item responses is explained by
differences in the latent construct (i.e., a stronger relationship between the item and latent
construct). The b-parameter represents the threshold for response option ¢ for item j. In the
context of clinical diagnostic assessment, b-parameters are often referred to as severity
parameters, as they indicate the level of severity of the disorder of interest needed for a
respondent to select a specific response option, with higher values corresponding to higher
severity levels required to endorse an option (Samejima, 1969).

The GRM assumes unidimensionality, meaning that a single latent trait explains the
relationship among items; essentially, that each item reflects one underlying diagnostic construct.
When scales are comprised of multiple latent constructs, the GRM must be extended to a

multidimensional model.
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Multidimensional Graded Response Model (MGRM)

When items reflect more than one underlying trait (e.g., multiple diagnostic dimensions),
the GRM must be extended to the MGRM. In the MGRM, the probability that person i selects
category c or higher on item j, conditional on their latent traits 6; is given by:

1

(1 2160 1 + exp[—a;j(04()i — bjc)]

(9)

where gj is the item’s discrimination parameter vector, Oqg) IS the latent trait dimension associated
with item j, and by are ordered category thresholds. For item j, the number of discrimination
parameters relates directly to the dimensionality (D) of the latent space, meaning that a; is a D
length vector. As D increases, the number of necessary discrimination parameters increases
accordingly, while severity parameters depend on the number of response categories. Thus, scale
length, dimensionality, and item response format all impact the number of parameters that must
be estimated for a given model.

Challenges in item parameter interpretation aside, the MGRM extends the
unidimensional GRM and invokes the same assumptions (Reckase, 2009). However, parameter
estimation becomes more computationally intensive in higher dimensions, resulting from the
increased number of integrals required (Bock & Aitkin, 1981; Schilling & Bock, 2005).

In the context of classification, multidimensional IRT (MIRT) models raise a key
challenge: individuals are no longer represented by a single 6 score but by a vector of scores (one
per latent dimension). While this provides a more nuanced profile of symptoms and traits, it
complicates the task of classification. Therefore, one must consider how the individual
dimension scores can be combined or whether they should be combined at all. The MGRM
allows for non-compensatory classification by setting a separate threshold for each dimension.
To implement a compensatory classification strategy, however, use of a MIRT model is required
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(Stucky & Edelen, 2014), and a cut-point would be identified for the second-level factor in the
same manner as discussed previously (e.g., through use of an ROC curve). This study focuses on
the use of a second-order MGRM as the multi-level MIRT model.

Second-Order Multidimensional Graded Response Models

In a second-order model, specific factors 01, ... , Op are themselves associated with a
higher-order general factor 6c:

00 = Aabs + g (10)
where Aq is the loading of specific factor d on the general factor, and (g~ N(O, yq) represents the
residual variance in the specific factor not explained by the general factor (Cai, 2010a). Items
load on specific factors, which in turn load on the general factor, creating a two-level structure
(see Figure 1C). The general factor only influences item responses indirectly through the specific
factors.

The second-order MGRM extends the MGRM framework by imposing this second-order
factor structure on the latent trait space. For an item j that loads on specific factor d, substituting
Equation 10 into Equation 9 yields the probability that person i selects category c or higher on
item j:

1
1+exp[-a;(2q06i+Sia—bjc]’

P(Y;; =c|66;,0a ) = (11)
where a; is the discrimination of item j on its specific factor d, Aq Ogi is the indirect contribution
of the general factor mediated through specific factor d, and iq is the person- and factor-specific

residual. The two-level structure implies that the correlation between any two specific factors, q

and 0g, is determined entirely by their mutual dependence on 6¢:

AgAar

Cor(Bg4,0y) = :
O3+ v @%+ v

(12)
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where Y, = Var({,). After conditioning on 6g, the specific factors are mutually independent,
since their residuals, (4, are assumed uncorrelated—a property known as local independence at
the second-order level (Cai, 2010a; Holzinger & Swineford, 1937; Stucky & Edelen, 2014).

An important practical consideration is that standard software implementations, including
the mirt package in R, cannot directly estimate second-order GRMs (Chalmers, 2012). Instead,
second-order models must be specified as constrained bifactor models, where the constraints
enforce the mathematical equivalence between the two parameterizations. In the bifactor
representation, each item j loads simultaneously on both the general factor and its specific factor

d, with loadings ajc and ajs, respectively, so that the item response function takes the form:

1
1+ exp[—ajGHGi + ajdfid - bjr:],

P(Y;;>c|0g,&q)= (13)

where &g is the person’s score on specific factor d, which in the bifactor model is orthogonal to
B¢ by construction. The equivalence between Equations 11 and 13 is established by the aic = Aq
ajq for all items j loading on specific factor d. Under this constraint, the effective loading on the
general factor is proportional to the item’s loading on its specific factor, scaled by A4, which
reproduces the indirect path structure of Equation 10. Additionally, the total variance attributable
to the specific factor d is correctly partitioned between the general and residual components as
defined in Equation 10 (Rijmen, 2010).
Information Functions

In addition to generating scale scores, IRT provides tools for evaluating item- and test-
level measurement precision. IRT conditions precision across levels of the latent trait. IRT
characterizes precision using several metrics, including Fisher information (hereafter called
information). Information is provided at the item level through an item information function

(I1F), often referred to as an item information curve (11C) when plotted. I1Cs illustrate where
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across a range of 0 values each item is best able to discriminate, or put another way, at which
levels of 0 a given item is most precise. For example, the 11C in Figure 4 illustrates that the item
is most informative for 6 =[0.5, 1.5]. lIFs are additive, so a test information function (TIF) can
be computed by summing all 11Fs. TIFs can be plotted to illustrate where on the 6 continuum the
scale is most precise. For example, the TIF in Figure 4 illustrates that the scale is most
informative in the 6 = [0, 1] range, indicating 6 estimates within this range are most precise. 11Fs
and TIFs can be used in scale development to select items that ensure the scale has specific
measurement properties. For example, researchers creating a diagnostic scale may wish to
maximize the number of items in the scale that are most precise within a specific range of 0
containing the diagnostic 6 threshold.
Model Estimation and Scoring

Estimation of MIRT models presents significant computational challenges, as both item
parameters and individual latent trait levels must be estimated simultaneously. Estimation
complexity increases substantially with the number of dimensions, as the likelihood function
requires numerical integration over the multidimensional latent trait space. This section describes
the algorithms used for parameter and trait estimation in this study. Particular attention is paid to
the relevance of dimensionality and model structure to the choice of optimal estimation and
scoring algorithms.
Expectation-Maximization Algorithm

The expectation-maximization (EM) algorithm is the most widely used approach for
estimating item parameters in IRT models (Bock & Aitkin, 1981). In general, the EM algorithm
alternates between the following two steps from a set of initial parameter estimates, say v, and

it generates a sequence of parameter estimates, Y, ..., y®, where y¥ = (a1, ..., a{®, g¥

) ey
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ﬁl(k)), that converges under some very general conditions to the maximum likelihood estimate
(MLE) of'y as the number of cycles k tends to infinity (Cai & Thissen, 2014):
E-step. Given y®, evaluate the conditional expected complete data log-likelihood, Q(y |
Y; y®), which is taken to be a function of y.

M-step. Maximize Q(y | Y; %) to yield updated parameter estimates y**V). Go back to E-
step and repeat. The cycles are terminated when the estimates from adjacent
cycles stabilize.

For unidimensional and low-dimensional models, the EM algorithm implements
numerical integration using adaptive quadrature (Chalmers, 2012). Adaptive quadrature
approximates the integral over the latent trait distribution by evaluating the integrand at carefully
selected quadrature points, with more points placed in regions where the integrand changes
rapidly. For models with few dimensions, this approach provides accurate integration with
reasonable computational cost. However, even with a moderate number of quadrature points, the
exponentially increasing size of the grid as the number of dimensions increases presents major
computational challenges. Adaptive quadrature helps somewhat by requiring fewer points than
fixed quadrature, but it does not solve the problem completely. Various authors have referred to
this as the “curse of dimensionality” (Y. Liu et al., 2018, p. 456).

The EM algorithm is particularly well-suited for second-order and bifactor models, even
when these models have a relatively high number of dimensions, because the constrained
structure of these models reduces the effective dimensionality of the integration problem
(Rijmen, 2010). The orthogonality constraints in bifactor models create conditional

independence structures that allow for more efficient computation. For these reasons, EM
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remains the preferred estimation method for second-order multidimensional graded response
models and other constrained multidimensional structures (Rijmen, 2010).
Metropolis-Hastings Robbins-Monro Algorithm

For high-dimensional models without the simplified structure of the second-order or
bifactor parameterizations, the Metropolis-Hastings Robbins-Monro (MH-RM) algorithm
provides a more computationally efficient alternative to EM (Cai, 2010c, 2010b). The MH-RM
algorithm avoids the computational challenges of the EM algorithm by replacing numerical
integration with stochastic sampling combined with stochastic approximation. MH-RM is
considered a state-of-the-art estimation technique for high-dimensional IRT models and is
particularly effective for correlated factor models with three or more factors (Chen et al., 2019;
K. T. Han & Paek, 2014).

The MH-RM algorithm consists of two steps (Cai & Thissen, 2014)%. In the first phase
(burn-in), MH-RM uses Metropolis-Hastings sampling to draw samples from the posterior
distribution of latent traits conditional on current item parameter estimates. These samples
replace the numerical integration required in the E-step of EM, avoiding the exponential growth
in quadrature points. In the second phase (stochastic approximation), the algorithm uses a
Robbins-Monro procedure to update item parameters based on the sampled sufficient statistics.
The Robbins-Monro procedure employs a decreasing sequence of step sizes, which allows the
algorithm to converge to maximum likelihood estimates while maintaining computational

efficiency (Robbins & Monro, 1951).

4 Note that a pre-processing imputation step is required if the data contains missing data. As missing data is not
within the scope of this research, that step is not discussed here. For more on the imputation step and technical
details regarding parameter estimation, Metropolis-Hastings sampling, and Robbins-Monro stochastic
approximation filtering, see Cai and Thissen (2014).
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The computational cost of the MH-RM algorithm increases approximately linearly with
dimensions, compared to the exponential increase for quadrature-based methods. This efficiency
comes at the cost of introducing Monte Carlo error, but with sufficient burn-in iterations and
sample size, the MH-RM algorithm yields maximum likelihood estimates of the parameters for
any number of dimensions without a steep increase in computational time as a function of the
number of dimensions (Cai, 2010c). As such, MH-RM has become the default estimation
algorithm for high-dimensional correlated factor models in many statistical software programs
(Chalmers, 2012).

Latent Trait Estimation Methods

Once item parameters have been estimated using EM or MH-RM, individual latent trait
scores must be estimated. Latent trait scores can be estimated by treating the model parameters
as if they were known, as is reasonable if model parameters have been accurately estimated
(Brown & Croudace, 2015). When the model parameters are fixed to their estimated values, the
probability of every item response is assumed to be dependent only on the latent traits, and the
fundamental approach to estimating trait scores is to search for values that maximize the joint
likelihood of each response pattern u = (uy, Uy, ..., Upy,).

One approach to estimation is the maximum likelihood approach. The maximum
likelihood approach assumes local independence, that is, the item responses are independent after
conditioning on the latent trait. The maximum likelihood scores are found iteratively by

maximizing the mode of the likelihood function (Brown & Croudace, 2015):

1-u;

1wlo) = | [P@r(1 - pio)) (14)

This score, however, is undefined for some response patterns, notably for “perfect” patterns (for

instance, by answering “Strongly Agree” to all items). The likelihood of such a pattern increases
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infinitely as the latent trait score increases (Brown & Croudace, 2015). The score is also
undefined when non-keyed responses are given to all items (for instance, by answering “Strongly
Disagree” on all items). Such response patterns can be quite common in screening tests.

An alternative approach is to use prior information about the trait distribution in addition
to the actual item responses. With this Bayesian approach, the likelihood of a score given an
observed response pattern (i.e., posterior distribution) is computed from both the known
distribution of the score in the population (i.e., the prior distribution, usually assumed to be the
standard normal distribution) and the likelihood of the observed response pattern given the score.
Two alternative methods using this approach are expected a posteriori (EAP) estimation and
maximum a posteriori (MAP) estimation. EAP estimation computes the mean of the posterior
distribution, while MAP estimation maximizes the mode of the posterior distribution (Embretson
& Reise, 2000). By adding information from the prior distribution, the problem of undefined trait
scores for “perfect” patterns is overcome, and a score is always defined. EAP estimation has
been shown to produce more accurate estimates than MAP estimations (LaHuis et al., 2025).
Therefore, only EAP estimation is discussed in detail here.

EAP estimation is most often used when only one trait 0 is measured (Bock & Mislevy,
1982). The EAP score is computed as the ratio of the integral of the posterior function weighted
by the latent trait 6 over the unweighted integral of the posterior function (Thissen & Wainer,

2001):

_ [p(6lw)ad

EAP[0] [p(6luydd "

(15)

The posterior distribution is proportional to the likelihood of the response patterns times the prior
distribution of 6, which is typically assumed to be multivariate normal with a mean vector of

zero and estimated covariance matrix X.
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The posterior EAP approach has been shown to achieve precise estimates with fewer
items than the MLE method; however, they are known to shrink latent trait distributions toward
the population mean. The amount of shrinkage depends on several factors, including the test
length, and can be quite substantial in short tests (Brown & Croudace, 2015; Thissen & Wainer,
2001). This shrinkage reduces variance in estimated trait scores compared to true trait scores, and
shrinkage is larger for individuals with more unusual response patterns or lower information (i.e.,
individuals whose trait levels are poorly measured by the items; C. Wang, 2015). For well-
measured individuals with typical response patterns, EAP estimates closely approximate MLE
and MAP estimates (C. Wang, 2015).

EAP Estimation via Quasi-Monte Carlo Integration. EAP estimation requires
numerical integration over the posterior distribution of latent traits. For unidimensional and low-
dimensional models, standard adaptive quadrature provides accurate integration with manageable
computation cost. However, for higher-dimensional models, quasi-Monte Carlo (QMC)
integration provides a more efficient alternative (Jank, 2005).

QMC methods approximate the integral by evaluating the integrand at a carefully
selected set of points that are more evenly distributed across the integration domain than random
Monte Carlo samples. These quasi-random sequences, such as Sobol or Halton sequences,
achieve better coverage of the integration space than simple random sampling, leading to more
accurate approximation with fewer evaluation points (Jank, 2005). The convergence rate of
QMC integration is O(1/n) compared to O(1/+/n) for standard Monte Carlo integration, where n
is the number of evaluation points, making QMC substantially more efficient while maintaining

the same level of accuracy (Jank, 2005).
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In the context of MIRT, QMC integration is particularly beneficial for computing EAP
estimates from bifactor and high-dimensional correlated factor models. For these models, the
posterior distribution may have a complex multimodal structure, and QMC’s superior coverage
properties ensure accurate representation of the posterior across its support. The mirt package
implements QMC integration using Sobol sequences, with the number of quadrature points
(typically 5,000 to 10,000) determining the accuracy-efficiency tradeoff (Chalmers, 2012).

QMC integration is recommended for bifactor models regardless of dimensionality
because the effective dimensionality of the posterior distribution in bifactor models is equal to
the number of specific factors plus one for the general factor. For correlated factor models with
three or more dimensions, QMC similarly provides more accurate and efficient integration than
adaptive quadrature (Jank, 2005). For unidimensional and two-dimensional correlated factor
models, standard adaptive quadrature is typically sufficient.

The choice of integration method interacts with the choice of estimation algorithm. When
EM is used for parameter estimation with adaptive quadrature, it is natural to use the same
quadrature scheme for EAP estimation. However, when MH-RM is used for parameter
estimation, QMC integration for EAP estimation provides better consistency because both
approaches avoid the exponential growth in computational cost associated with traditional
quadrature. For this reason, the combination of MH-RM estimation with QMC integration for
EAP scoring has become standard practice for high-dimensional IRT models (Chalmers, 2012).
Differential Item Functioning (DIF)

Unbiased classification depends heavily on the assumption that psychological
assessments measure constructs equivalently across different individuals and groups. When this

assumption is not met, bias can emerge, leading to misclassification, unequal access to services,
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and compromised scientific validity. One of the most well-known forms of such measurement
bias is DIF.

An item is said to exhibit DIF if two respondents from distinct subgroups (e.g., gender,
language, etc.) have equal levels of the trait being measured (6) but do not have the same
probability of endorsing each response category for that item (Edwards & Edelen, 2009). DIF
indicates potential bias in items and threatens the validity of inferences drawn from test scores
(Camilli & Shepard, 1994; Zumbo, 1999). There are two main types of DIF: uniform DIF and
non-uniform DIF (Figure 5A and 5B, respectively). Uniform DIF occurs when the item
consistently favors one group over another across all levels of the latent trait (e.g., a screening
item that always appears more severe for men than women). This is reflected by a difference in
difficulty parameters, but not in discrimination parameters (@socal = aref and bfocal # brer). NOn-
uniform DIF occurs when the discrimination parameters differ between groups, meaning that the
strength or direction of the group difference changes across the trait continuum (i.e., @focal # aref).
Put simply, the direction of the bias depends on the level of the latent trait, such that an item
might favor one group at low trait levels but the other group at higher levels (Figure 4). This can
introduce complex bias into trait estimations and diagnostic decision-making. DIF is distinct
from general item difficulty; rather, it refers specifically to construct-irrelevant variance
associated with group membership (Penfield & Camilli, 2006). In this way, DIF is directly tied to
issues of fairness and equity in assessment. If an item systematically favors one demographic
group over another, even when individuals are otherwise equivalent in their symptom severity or
functioning, this constitutes item bias and undermines the legitimacy of diagnostic conclusions.

Examples of DIF are plentiful in clinical, educational, and cross-cultural contexts. For

instance, depression screening tools developed in Western contexts may show DIF when used
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with non-Western populations due to cultural differences in symptom expression (Haroz et al.,
2016; Kalibatseva et al., 2014; Uebelacker et al., 2009). In developmental settings, items related
to language or social engagement may exhibit DIF between neurotypical and neurodiverse
children (Ross et al., 2023; Schiltz & Magnus, 2021). It is well established that there is gender-
based DIF in many autism scales (Schiltz & Magnus, 2020; Schwartzman et al., 2022). In cross-
linguistic studies, translated items may differ in emotional connotation or idiomatic structure,
introducing unintended bias (Krogsgaard et al., 2021; Nielsen et al., 2023; Orlando & Marshall,
2002; Terluin et al., 2016). These examples highlight that DIF is not limited to demographic
comparisons but also applies to latent or overlapping diagnostic subgroups, especially when
working with multidimensional assessments.

It is important to distinguish DIF from impact. Impact refers to true mean differences
with respect to the distributions of latent traits between groups. Formally, if group A and group B
have latent trait distributions with means pa and pg respectively, impact is present when pa # ps.
DIF represents a threat to validity that should be detected and adjusted for, whereas impact
represents valid construct variance that needs to be preserved. Misattributing impact to DIF leads
to inappropriate test modifications that reduce sensitivity to real group differences. Conversely,
misattributing DIF to impact leads to retention of biased items and unfair assessment of affected
groups.

However, the presence of impact complicates the detection and interpretation of
measurement bias. When both impact and DIF are present simultaneously, traditional DIF
detection methods may produce misleading results (Shealy & Stout, 1993). If a focal group has
both lower average trait levels (i.e., negative impact) and items that disadvantage them (DIF),

standard approaches that condition on observed assessment scores rather than true latent traits
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may fail to separate those effects. The observed group differences in item responses reflect both
the true trait difference (impact) and the measurement bias (DIF), making it difficult to isolate
the DIF component. Advanced DIF detection methods attempt to address this by estimating and
conditioning on the latent trait distribution rather than observed scores, but this remains an active
area of methodological development (De Ayala & Santiago, 2017; DeMars & Lau, 2011; Sajobi
et al., 2022).

DIF Detection

In research settings, it is impossible to know if an item truly demonstrates DIF; however,
it is possible to evaluate the evidence for DIF. A key difficulty is that many traditional DIF
detection methods assume the grouping variable is known and explicitly coded (e.g., gender,
ethnicity, diagnostic category; Battauz, 2019; Hambleton et al., 2011; Wald, 1947). Additionally,
most DIF detection methods only assess evidence of DIF using two groups (i.e., the reference
group and the focal group) created using a single, binary demographic indicator. The reference
group typically refers to the majority group in the sample or the group that has historically been
advantaged. The focal group typically refers to the minority group or the group that has
historically been disadvantaged (Jodoin & Gierl, 2001). The primary benefit of defining a
reference and focal group is to interpret the evidence of DIF in terms of how the items are
advantaging or disadvantaging the groups. However, this marginal approach to group
membership fails to account for the complex intersection of multiple social identities within an
individual (Crenshaw, 1991).

If one were to try to account for intersectional identities by use of marginal DIF detection
methods, multiple pairwise comparisons between all grouping categories would need to be
performed (Albano et al., 2024; Russell & Kaplan, 2021). However, the number of comparisons

required is a product of the number of levels in all examined demographic groups. For example,
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both Albano et al. (2024) and Russell and Kaplan (2021) utilized the same empirical dataset,
which contained item responses from 19,490 students. Russell and Kaplan (2021) created 16
groups based on gender (Male or Female), race (Black, Asian, Hispanic, and White), and
economic status (Advantaged and Disadvantaged) and most groups contained between 1,000 and
5,000 individuals. Albano et al. (2024) created six intersectional groups between gender (Male or
Female) and race (Black, Hispanic, or White), and most groups contained at least 1,500
individuals. Both studies concluded that adapting marginal DIF methods to perform
intersectional DIF detection through this multiple comparison approach successfully identified
DIF that would otherwise have gone undetected. However, the large sample size (N = 19,490)
used in both studies was much larger than is reasonable to expect in social sciences research.® As
such, use of these methods for DIF detection in social sciences research may be unreasonable.
Additionally, exclusively focusing on observed groups may obscure other factors
contributing to DIF (Zumbo & Gelin, 2005). DIF can also result from unknown or latent
subgroups, such as unmeasured cultural identities, treatment experiences, or symptom clusters
not captured by observed variables (Hoover, 2022; Schwartzman et al., 2022; Zumbo & Gelin,
2005). Current methods developed to detect DIF caused by a latent variable are not readily
applicable to the Likert-type scales commonly used in psychological research. Most approaches
use mixture IRT models, which aim to detect latent classes of respondents with differing item
parameter profiles without requiring a prespecified grouping variable (Frick et al., 2012; Rost,
1990). Although polytomous extensions of these models exist—including the mixture graded

response model—their application is substantially more complex than their dichotomous

5 It is worth noting that more recent methods have leveraged machine learning techniques to develop methods to test
for DIF across more complex groups (Bauer et al., 2020; Classe & Kern, 2024; Quan & Wang, 2026), but these
methods have not been widely adopted in the literature. Additionally, they still assume that the variables across
which DIF occurs have been measured by the researcher.
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counterparts. Simulation research has demonstrated that mixed polytomous IRT models applied
to short scales with ordered response categories, conditions typical of survey and clinical
research, require sample sizes of at least 2,500 to yield accurate parameter and standard error
estimates (Kutscher et al., 2019). A further challenge lies in an interaction between two
conceptually distinct phenomena: DIF and impact. Impact reflects differences in the true mean
level of the latent trait. Because estimation is sensitive to the latent ability distribution, groups
that differ in mean latent trait levels can produce spurious latent classes in the absence of any
genuine DIF, while classes defined by DIF alone (and no mean differences) may be poorly
recovered (De Ayala & Santiago, 2017; DeMars & Lau, 2011; Frick et al., 2015). Non-normal
latent trait distributions, which are common in clinical samples, increase the risk of spurious
classes (Sen et al., 2016). Model identification also requires class-invariant anchor items, the
selection of which is itself an unsolved problem in the mixture IRT context (Cho et al., 2016;
Choi & Cohen, 2019; Karadavut, 2021; Zou, 2025).® Finally, the number of latent classes must
be specified or selected using information criteria that require a sample size of at least 1,000 for
accurate estimation. Given these constraints, use of latent-class DIF detection methods may be
unreasonable in many psychological research contexts where samples are often modest in size,
scales are relatively short, and trait distributions may not be normal.

Most DIF detection procedures have been developed for unidimensional scales (Lord,
2012; Mantel & Haenszel, 1959; Shealy & Stout, 1993). Investigating DIF in multidimensional

scales with these procedures may not be appropriate, leading to unintended consequences such as

& A noteworthy recent development that postdates the simulation work reported here is Wallin and Huang (2026),
who propose a hybrid latent-class IRT model for ordinal data that simultaneously estimates class membership and
identifies DIF items without pre-specified anchor items or known group labels. Because this preprint appeared after
the present study was completed, it was not feasible to incorporate this approach, but it represents a promising
direction for future work that may circumvent the anchor selection challenges documented in this literature review.
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misidentification of DIF resulting from different conditional distributions of latent traits for
different participant subgroups (Bulut & Suh, 2017). DIF detection approaches such as the
multidimensional simultaneous item bias test (SIBTEST; Stout et al., 1997), IRT likelihood ratio
(IRT-LR) test (Suh & Cho, 2014), and multiple indicators multiple cases (MIMIC) model (S.
Lee et al., 2017) have all been shown to work well to detect DIF in multidimensional scales
(Bulut & Suh, 2017). These approaches, however, still require the researcher to specify the
grouping variable a priori. To my knowledge, no method currently exists that simultaneously
accommodates unobserved group membership, a multidimensional latent structure, and ordinal
responses in a unified DIF detection framework. Existing approaches that handle latent groups
generally assume unidimensionality, while methods that accommodate multidimensionality or
complex group structures generally require observed grouping variables.

Differential Test Functioning (DTF)

While DIF focuses on bias at the item level, it is important to recognize that multiple
items with DIF can accumulate to produce differential test functioning (DTF; Chalmers et al.,
2016; Yavuz Temel, 2023), a form of bias that impacts the overall scale (or test) score. In other
words, even if individual items show only modest DIF, their combined effect can shift scale
scores for members of particular groups, leading to over- or under-diagnosis (Chalmers et al.,
2016; Yavuz Temel, 2023). DTF is especially critical in diagnostic contexts, where the scale
score is used to make the classification decision. For instance, if a depression screener includes
multiple items that exhibit DIF caused by age, older adults may systematically score lower,
potentially resulting in false negative diagnoses (Gonzalez & Pelham I11, 2021). Conversely, in
educational assessments, test-level bias could lead to over-identification of learning disorders in

linguistically diverse populations (Hambleton et al., 2011; Zumbo, 1999).
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Given these risks, it is essential to evaluate not only individual item properties but also
the aggregate functioning of a scale across subgroups. In some cases, DIF may cancel out across
items, but in others it may compound and distort diagnostic thresholds. This is particularly
relevant for clinical cut-points, where scale-level bias can directly influence whether a person
receives a diagnosis or not. This underscores the importance of evaluating a scale for both DIF
and DTF (Camilli & Shepard, 1994).

Chapter 3: RF-Based Diagnostic Classification

Machine learning (ML) models have gained popularity as an alternative set of methods
for diagnostic assessment (Boness et al., 2020; Epistola, 2022; Giannouli & Kampakis, 2024;
Gonzalez, 2021; Holden et al., 2011). These machine learning methods differ fundamentally
from psychometric modeling, as ML methods do not assume a theoretical construct or
dimensional structure. Put another way, ML methods are nonparametric. This chapter introduces
random forest (RF; Breiman, 2001) as one nonparametric machine learning approach to
diagnostic classification.

RF is a nonparametric, ensemble-based predictive algorithm. By constructing an
ensemble of decision trees, each trained on a different bootstrapped sample and using a random
subset of predictors at each split, RF captures complex interactions and non-linear effects
without imposing a parametric model.

Decision Trees

Decision trees were developed to discriminate between classes of objects (Jacobucci et
al., 2023). The purpose of decision tree algorithms is to determine underlying patterns in a given
dataset between a set of inputs (e.g., scale items) and an output (e.g., diagnostic classes) using

easily interpretable rules that resemble human reasoning (Figure 6).
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Decision trees use recursive partitioning, a process that repeatedly splits a dataset into
two distinct groups based on their relationship with the outcome. Using a scale meant to
diagnose ADHD as an example, we can consider the tree in Figure 6 with three scale items as
predictors. Splitting rules are used to identify the subsets of the individuals who are most similar.
For example, the first split partitions the data into two groups based on how participants
responded to the item “Forget things easily”. The left side of the tree (L1) contains all individuals
who responded with less than a four on that item, while those who responded with a four or five
are placed into the other group on the right side of the tree (R1). This process is repeated until
each group contains only individuals with the same classification. Note that the L1 and R; are
each further split into two groups based on responses to an item addressing attention. Each node
in the tree specifies the class breakdown of the outcome within each group as well as the
percentage of individuals in the full dataset that fall within that region. For example, the root
node (the first in the tree) indicates that 53% of the sample falls into the “control” group, while
47% of the sample falls into the “ADHD” sample. The process of determining how the splits are
made and evaluated differs depending upon the specific algorithm. This study focuses on the use
of the classification and regression tree (CART) algorithm (Breiman et al., 1984).

The CART Algorithm

The CART algorithm is a greedy algorithm developed by Breiman et al. (1984) to
conduct both classification and regression trees. The term “greedy” indicates that the CART
algorithm searches for the best possible outcome at the current step, without considering any
previous or future steps (Berk, 2008). The CART algorithm is driven by three main decisions:

(1) whether the outcome is continuous or discrete, (2) the selection of the splitting variable, and

40



(3) the stopping criteria. As this dissertation is focused on classification, only classification trees,
where the outcome is discrete, will be discussed.

Variable Splitting and Stopping Criteria. The CART algorithm selects the item and
item threshold (partitioning value) that splits the data into two groups, minimizing heterogeneity
within each group (Breiman et al., 1984). All possible response values of the items are
considered decision points to partition the data. A classification tree is grown using the Gini
index for variable splitting and predicting which class k each observation belongs to by
determining the most common (i.e., modal) class for the observations within a given group
(Jacobucci et al., 2023).” The Gini index (also called Gini impurity) is a measure of node
heterogeneity used to assess how mixed the classes are within a node. The Gini index is

calculated as

G = 21]5:1 Pmk (1 — D), (16)

where P, is the proportion of the observations in the group m from class k. The Gini index
equals zero when all observations in the node belong to a single class (perfect purity) and reaches
a maximum value when classes are equally distributed (maximum impurity). For binary
classification, the maximum Gini index is 0.5.

When evaluating a potential split, the CART algorithm calculates the weighted average

Gini index of the resulting child nodes:

G(split) = "L Gope + LGy, (17)

where nier and nrignt are the number of observations in the left and right child nodes, and n is the

total number of observations in the parent node. The split that minimizes G(split) is selected.

" One could use entropy instead of the Gini index, but as random forest uses Gini, entropy is not discussed here.
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This greedy approach ensures that each split maximally reduces heterogeneity, creating more
homogenous subgroups at each step (Berk, 2008; Strobl, Boulesteix, & Augustin, 2007).

This process is then repeated on each subgroup to grow the classification tree until a
stopping criterion is met. Possible stopping criteria include tree depth, sample size required, or a
minimum improvement in prediction accuracy. As the random forest algorithm (discussed later)
uses sample size as its stopping criteria, other approaches are not discussed here. Using sample
size as a stopping criterion, the tree is grown until it reaches a specified minimum number of
individuals in one or more of the final nodes.

However, trees grown with lenient stopping criteria often overfit the training data,
capturing noise rather than signal. To address this, CART employs cost-complexity pruning,
which systematically removes branches that provide minimal improvement to model fit
(Breiman et al., 1984). The pruning process works backwards from the full tree, collapsing
internal nodes to create progressively simpler trees. Each potential pruned tree is evaluated using
a complexity parameter (cp), which penalizes tree size. For a given cp value, a split is retained
only if it improves the model fit by at least cp. Cross-validation is used to identify the optimal cp
value: the tree is evaluated on the hold-out folds, and the cross-validation error is calculated for
each cp value. A common strategy to determine the optimal cp value is the one-standard-error
rule, which selects the simplest tree (largest cp) whose cross-validation error is within one
standard error of the minimum. Although one could choose the cp that produces the tree with the
minimum cross-validation error, use of the one-standard-error rule allows for a balance of
parsimony and accuracy (Breiman et al., 1984).

The pruning process addresses the bias-variance tradeoff inherent in tree-based models.

Large, unpruned trees have low bias because they can fit complex patterns in the training data,

42



but they have high variance as they are sensitive to small changes in the training sample, leading
to overfitting (Breiman et al., 1984; James et al., 2021). In contrast, small, heavily pruned trees
have higher bias because they cannot capture all relevant patterns, but they have lower variance
as they generalize to new samples better (Breiman et al., 1984; Hastie et al., 2009). The optimal
tree size balances these competing concerns. Cost-complexity pruning with cross-validation
provides a principled method for finding this balance: trees that are too large have poor cross-
validation performance due to overfitting, while trees that are too small have poor performance
resulting from underfitting.

Random Forests

Although RF can be used for both classification and regression tasks, the discussion here
is focused on their use for classification tasks. RF for classification can either predict (1)
probabilities (indicating the likelihood that an individual belongs to a given class) or (2) discrete
class labels based on voting across decision trees. When probabilities are predicted, a decision
threshold (i.e., probability cut-point) must be applied to convert the continuous probability into
classes. This is not necessary when classes are predicted directly. An overview of the RF
approach to classification can be seen in Figure 7.

The RF algorithm (Algorithm 1) is an extension of CART that improves prediction
accuracy (Breiman, 2001). Each individual tree in a RF is created using a bootstrap sample of the
data, and at each node, a random subset of predictors (i.e., items) is considered when determining
the optimal split. Final classifications are made via majority vote or averaged predicted
probabilities, the latter of which allows for threshold tuning to prioritize sensitivity or specificity

depending on the classification goal. This combination of bootstrap sampling (i.e., bagging) and
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item subsampling increases predictive accuracy and model stability (Fernandez-Delgado et al.,

2014; Speiser et al., 2019).

Algorithm 1 Random Forests Algorithm (Breiman, 2001; Jacobucci et al., 2023)

1. Set the number of trees (B)
2. Set the number of variables to consider when creating each partition (m)
3. Forb=1toB:
a. Draw a bootstrap sample of size N from the data.
b. Grow a decision tree on the bootstrap sample, using a random set of m
variables for each partition.
c. Use the out-of-bag (OOB) samples to create predictions from the decision
tree.
Output the ensemble of trees {T,}5_,.
Calculate the final predicted values for each individual using:

ok

a. Ifaregression approach is taken, use the average prediction across all trees:
B

A 1
fE@ = 2 T
b=1

b. Else, for classification, use majority voting across all trees where éff(x) is
a class prediction of the b™ tree:
CE (x) = majority vote {C,(x)}¥

The two primary tuning parameters for RF are the number of trees (B) and the number of
predictors considered at each split (m). Typically, B is large, falling between 500 and 2,000.

Increasing B improves model stability but increases computational cost. The variable subset size,
m, is recommended to be small (e.qg., \/E where p is the number of predictor variables).

Decreasing m reduces the correlation between trees and can improve model performance by
increasing the diversity of the ensemble (Breiman, 2001). As the original RF algorithm assumes
balanced data (i.e., equal proportions of classes), modifications need to be made when data are
unbalanced. One such modification is the use of class-specific weighting. Class-specific
weighting adjusts the sampling and splitting mechanisms to prioritize underrepresented classes,
thereby improving model performance in scenarios where standard RF may exhibit poor

minority-class recall.
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RF-based classifications have several advantages. First, RF classifications have been
shown to be very accurate (Strobl, 2013). Second, as a nonparametric method, RF does not
invoke strict assumptions about the data. Similar to other ML methods, RF is algorithmic in
nature; the algorithm learns from the data instead of fitting a model to the data. Third, RF is well
suited for a complex data structure (e.g., non-linear relationships between items and classes). As
such, RF may be able to capture complex, cross-dimensional interactions that may be present in
diagnostic assessment data. However, it also means that RF could perpetuate or amplify biases
present in the training data.

Interpretability and Variable Importance Measures

An important limitation of RF is model interpretability. RF lacks interpretability because
a single decision tree is no longer available (Jacobucci et al., 2023). However, RF also provides
measures of variable importance for each candidate predictor (Breiman, 2001; Liaw & Wiener,
2022; Svetnik et al., 2003). Liaw and Weiner (2022) implemented two algorithms for calculating
variable importance measures in the randomForest R package. The first is based on the Gini
criterion. Specifically, at each split of the tree, the decrease in the Gini node impurity is recorded
for the variable x; that was used to form the split. The average of all decreases in the Gini
impurity in the forest where x; forms the split yields the Gini variable importance measure.

The second calculates variable importance as mean decrease in accuracy (MDA) using
the out-of-bag (OOB) observations. Because each tree in a RF is grown on a bootstrap sample of
the training data, approximately 37%?@ of observations are excluded from any given bootstrap
sample (Breiman, 2001). For each observation i, predictions are made using only those trees for

which observation i was not included in the bootstrap sample (OOB trees for that observation;

8 This proportion arises because the probability that a given observation is not selected in n draws with replacement
from n observations is (1-1/n)", which converges to 1/e, or about .37 as n increases (Efron & Tibshirani, 1994).
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Breiman, 2001). These predictions are then aggregated (via majority vote for classification or
averaging for regression) to produce an OOB prediction for observation i. The OOB error is then
calculated by comparing these OOB predictions to the true outcomes across all observations. The
OOB error provides an unbiased estimate of prediction error without requiring cross-validation
or a hold-out test set, making it a computationally efficient alternative for model evaluation.
Studies have shown that OOB error closely approximates leave-one-out cross-validation error
(Efron, 1983).

Variable importance metrics provide a sense of how each variable contributes to
classification decisions, but there are limitations of variable importance metrics. First, when
multiple predictor variables are strongly correlated, variable importance measures may assign
most, or all, of the importance of these variables to a single variable within the correlated set
(Grimm et al., 2023). Second, variable importance metrics do not provide information about the
nature of the association between the predictor variable and the outcome. That is, the variable
importance metrics do not indicate if the association was linear or nonlinear, nor do they indicate
the nature of the interaction effects (Grimm et al., 2023). Additionally, RF variable importance
measures may yield misleading results when the predictor variables are different types (e.g.,
some are continuous and others are categorical) or when the number of levels among categorical
predictors varies (Strobl, Boulesteix, Zeileis, et al., 2007). As such, while knowing which
variables are important for classification is helpful to researchers, the variable importance
metrics do not indicate how the variables combine to predict the classifications. This limitation
cannot be understated, especially in the larger context of diagnostic assessment where

classification decisions may need to be clearly interpretable.
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Chapter 4: Monte Carlo Simulation Study
A Monte Carlo simulation was used to evaluate the use of both MIRT and RF for
classification under increasingly complex conditions. All data generation and analyses were
conducted in R (R Core Team, 2024), and R scripts used for the simulation can be found on

GitHub (https://github.com/cbainl/difml_open). The study simulates psychological scale data

under conditions that vary in number of scale dimensions, DIF strength, number of items that
contain DIF, etc. Cross-validation methods were used to evaluate the generalizability of
classification methods. A total of 152 conditions were evaluated, each designed to reflect
realistic psychometric challenges. Each condition was replicated 1000 times. Each dataset was
then analyzed with four IRT-based approaches and one RF-based approach to classification.
Simulation Conditions

A fully crossed design was used, manipulating the variables seen in Table 1. A detailed
breakdown of these conditions can be found in Appendix A. The sample size of 1,000 was
chosen to reflect a realistic clinical dataset while ensuring stable parameter estimation and
convergence in both IRT and RF models, particularly in multidimensional conditions.
Latent Trait and Diagnostic Score Generation

Latent Trait Generation with Measurement Error. Two distinct latent trait structures
are generated for each simulee, approximating realistic measurement conditions: a gold standard
trait vector and an observed trait vector that includes measurement error. Each simulee’s gold
standard latent trait vector Ogs = (0gs1 , ..., Ogsp) IS sampled from a multivariate normal
distribution with a mean of zero and a given covariance matrix X. For unidimensional scales (D =
1), this simplifies to a univariate normal distribution with mean zero and variance one. For

multidimensional scales (D = 3), the correlations between dimensions, or the off-diagonal
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elements of X, are fixed to be 0.5, reflecting one common structure of correlated symptom
dimensions in psychological constructs (Bovin et al., 2016; Caspi et al., 2014; Henry &
Crawford, 2005; Lahey et al., 2012; Zanon et al., 2021).

In practice, psychological assessments do not measure latent traits perfectly. To simulate
realistic measurement conditions, a second set of latent trait scores is generated for each simulee
to incorporate measurement error. This observed trait vector Oscaie = (Oscatet, ..., Oscaled) IS

constructed by adding noise to the gold standard traits:

Oscale = PxZ(0g5) + /(1= pP)x Z(e), (18)
where Z(-) denotes standardization, € is a matrix of independent random normal deviates (same
dimensions as Ogs), and p is the correlation parameter that controls the strength of the relationship
between the gold standard and the observed traits. The parameter p takes values of either 0.5 or
1.0 across conditions such that when p is equal to 1.0, no measurement error is present.

This simulates the measurement error in trait estimation that occurs when assessments
have limited reliability or when items do not perfectly capture the underlying construct (Cheng &
Yuan, 2010; Gonzalez et al., 2021; C. Wang et al., 2019). The simulated matrix of scale traits,
Oscale, IS USed as the assumed latent trait values when generating item responses, while the
simulated matrix of gold standard traits, 0gs, is used to generate diagnostic classes. This simulates
a realistic scenario where classification methods must recover true diagnoses from imperfectly
measured data.

Impact: Group Differences in Latent Traits. To evaluate how classification methods
perform when groups differ in their latent trait levels, impact is systematically manipulated by
shifting the gold standard traits of focal group members. After generating the initial gold

standard latent traits s for all individuals from the multivariate normal distribution, focal group
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members are identified based on an interaction of demographic variables (described in the DIF
manipulations section below). Impact is then simulated by shifting the latent traits of focal group
members such that Ogs, focal ~ Ogs, focal + 8, where & € {-1, 0, 1} represents the impact magnitude.
Negative impact conditions (6 = —1) simulate scenarios where the focal group has genuinely
lower symptom severity, such as lower depression rates in populations with stronger support
systems. Positive impact conditions (6 = 1) simulate scenarios where the focal group has
genuinely higher symptom severity, such as higher anxiety rates in populations experiencing
chronic stress. The magnitude of & represents a large effect size (Cohen, 2009), creating
meaningfully different diagnostic rates across groups while remaining within plausible ranges
observed in real group differences. These values are consistent with published simulation
research on impact (Bolt, 2002; Kim & Oshima, 2013; W.-C. Wang & Su, 2004; Woods, 2009).

Impact is applied uniformly across all latent dimensions. For three-dimensional scales, all
three dimensions are shifted by the same amount for focal group members. This assumes that
group differences affect all symptom domains proportionally, which simplifies the simulation
design while still capturing the essential features of impact.
Diagnostic Class Generation via Euclidean Distance

Generated diagnostic classes were derived using a Euclidean distance-based approach in
multidimensional latent trait space, applied to the gold standard traits 6gs. This method treats
diagnostic classification as a proximity problem, where simulees whose latent trait profiles are
closest to a theoretical “diagnosed” prototype are assigned to the diagnosed class. This approach
was chosen because it (1) naturally extends to multidimensional contexts without requiring

dimension-specific thresholds, and (2) creates realistic classification boundaries that do not
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perfectly align with any single classification method being tested, thereby providing a fair
benchmark for comparison (Cover & Hart, 1967; Spence, 1983; Winsberg & De Soete, 1993).
For a simulee i with gold standard trait scores 6; = (6i1, 0iz, ..., Oip) across D dimensions,

the Euclidean distance to a reference point 8" = (61, 0™, ..., 0'p) is calculated as:

4= (3060 - 020", (19
where d; represents the distance from individual i to the reference point in D-dimensional space.
Simulees with smaller distances are more similar to the prototype diagnosed case (i.e., the
reference point). A diagnostic classification is generated by comparing this distance to a given
threshold value t:

Diagnosed if d; <t
Not diagnosed if d; > t.
The threshold t is selected to achieve the desired prevalence rate (30% in this study).
Specifically, individuals are rank-ordered by their distance d;, and the 30% of individuals with
the smallest distances are classified as diagnosed.
The reference point 8" represents the location in the latent space that characterizes a
prototypical diagnosed case. In this study, 8" is defined as:
07 = max(6,,) for each dimension D. (20)
That is, the reference point is located at the maximum observed latent trait value on each
dimension. This represents an individual with the highest possible symptom severity across all
dimensions in our sample. This choice was made as it (1) aligns with the clinical intuition that
diagnosed individuals exhibit elevated symptoms across multiple domains and (2) creates a non-
compensatory structure to the generative classification boundary (Junker & Sijtsma, 2001; Rupp
et al., 2010; Templin & Henson, 2006).
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For an illustrative example of this process, consider a two-dimensional scale (D = 2) with
three individuals:
Individual A: 0 = (2.5, 2.3)
Individual B: 6 = (1.0, 2.8)
Individual C: 6 = (0.5, 0.3).
In this example, the maximum observed trait values are 0”1 = 2.5 and 072 = 2.8. The reference

point is therefore "= (2.5, 2.8). The Euclidean distances are:

dy=+(25- 25)2+ (23— 28)2 = V0+ .25 =05

dg =+(1.0— 25)2+ (28— 2.8)2 = V225+ 0 =15

de =+/(0.5— 25)2+ (03— 2.8)2 = V4+ 625 =3.2.

Individual A has the smallest distance and would be most likely to be classified as diagnosed.
Despite individual B having a higher score on the second dimension (2.8 vs. 2.3), the low score
on the first dimension (1.0) increases the overall distance. This illustrates the non-compensatory
nature of the Euclidean distance approach: high scores on one dimension cannot fully
compensate for low scores on another. An example of this process for both one and three
dimensions can be found in Figure 8.

Several alternative approaches for generating diagnostic classifications were considered.
Latent class mixture models could assign individuals to diagnosed versus non-diagnosed classes
based on class membership probabilities; however, this approach would conflate the data
generation mechanism with IRT-based classifications if a mixture structure was assumed,
potentially biasing comparisons (Paxton et al., 2001). Threshold-based classification on a higher-
order factor would involve fitting a second-order model and thresholding on the general factor

score. This approach would give an unfair advantage to the second-order IRT-based approach
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discussed later. Non-compensatory rules with independent dimension-specific thresholds would
require all dimensions to exceed predetermined cut-points. While this aligns with some
diagnostic criteria, it would give an unfair advantage to the MGRM-based approach discussed
later.

As such, the Euclidean distance approach was selected because it does not favor any of
the classification methods being compared. It creates a classification boundary in latent space
that must be approximated by all methods, providing a neutral benchmark for evaluation.
Additionally, this approach is conceptually related to prototype-based classification models used
in cognitive psychology and machine learning (e.g., K-nearest neighbors with K = 1), lending it
theoretical support (Cover & Hart, 1967; Rosch, 1975; J. D. Smith, 2014).

This approach, however, does make some assumptions that should be acknowledged. The
standard Euclidean distance formula weights all dimensions equally. In reality, some symptom
domains may be more diagnostically relevant or important than others. A weighted distance
metric (e.g., Mahalanobis distance; Mahalanobis, 1936) could accommodate differential
weighting, but this would require specifying the relative importance of each dimension a priori.
In this simulation study, equal weighting was used to maintain simplicity and avoid introducing
additional arbitrary parameters.

The Euclidean distance creates a spherical (or hyperspherical in higher dimensions)
decision boundary around the reference point, meaning that individuals at the same distance from
the reference point are equally likely to be classified as diagnosed, regardless of their specific
symptom profile. In contrast, real diagnostic criteria often have irregular boundaries (e.g.,

requiring minimum thresholds on some dimensions but not others). This limitation is acceptable
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for the purposes of this simulation study, as the goal is to evaluate how well different methods
can recover a consistent ground truth, not to perfectly replicate clinical decision-making.

The reference point is defined as the maximum observed trait values, which means it
could theoretically vary if extreme outliers were present. However, with the large sample size
(N=1000) and controlled latent trait distributions used in this study, the reference point is
expected to be highly stable across replications. Sensitivity analyses confirmed that the reference
point varied by less than 0.4 standard deviations across replications within each condition.

Item Parameter Generation

Either 15 or 30 Likert-type items were simulated, each with five response categories.
Based on the a-parameter distributions in previous research, a-parameters were drawn from a
normal distribution with p = 1.7 and ¢ = 0.3, and b-parameters were generated by first drawing
b1 from a normal distribution with p = -1.5 and ¢ = 0.5 (Hill, 2004; Manapat & Edwards, 2022).
Then, a difference parameter was drawn from a normal distribution with un =1 and o = 0.2, and
added to by to create b, (see Manapat & Edwards, 2022; Woods, 2007). Since all data sets will
have items containing five response options, this process was repeated until a total of four b-
parameters were created (b2 = by + difference parameter 1; bz = b, + difference parameter 2; bs =
bz + difference parameter 3).

Item Response Generation

Items were evenly distributed across dimensions. With one dimension, all items load on
the single factor. With three dimensions and 15 items, each dimension has 5 items. With three
dimensions and 30 items, each dimension has 10 items. Item responses were generated using the
MGRM (Samejima, 1997), and each item was fixed to load onto only one latent dimension,

estimating a simple structure.
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DIF Manipulations

DIF was introduced based on intersectional group membership (sex x race). Three focal
groups (Female x Black, Female x LatinX, and Male x Black) were simulated to exhibit DIF
relative to the reference group (Female x White). For affected participants, the slope and
threshold parameters were adjusted such that b’; = b + s, s € {0,1, 3}. Note that all DIF
adjustments increase threshold parameters (uniform DIF favoring the reference group). This
creates unbalanced DIF where focal group members consistently have higher severity parameters
for items.

The proportion of individuals in the focal group varied stochastically across replications
due to the random sampling of demographic characteristics. To assess the stability of focal group
composition, a sensitivity analysis was conducted across 1,000 replications for each condition.
For conditions with DIF present, the mean focal group percentage was 23.0% (SD = 0.013), with
a maximum standard deviation of 0.014 across conditions. The maximum observed range in
focal group percentage within any single condition was 0.103. This variability reflects the natural
sampling variation inherent in randomly assigning demographic characteristics based on
population probabilities. The observed variation in focal group composition is sufficiently small
to ensure that differences in classification performance across conditions reflect the manipulated
factors (dimensionality, DIF strength, impact) rather than substantial fluctuations in sample
composition. Conditions without DIF had no focal group designation, as all individuals were

treated identically regardless of demographic characteristics.
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Classification Methods
IRT-Based Classification

Three IRT-based classification approaches are evaluated, each representing a different
scoring rule for how multidimensional latent trait information should be combined to produce
diagnostic decisions. These approaches differ in both the psychometric model estimated and the
classification rule applied, reflecting different theoretical assumptions about the structure of
psychopathology. A fourth IRT-based classification approach was included, not for evaluation,
but to determine the best possible classification performance that accounts for estimation error.
All models are estimated using the mirt package in R (Chalmers, 2012).

Compensatory Second-Order MGRM (Second-Order IRT). A second-order MGRM,
as described in Chapter 2, is estimated wherein specific factors representing distinct symptom
dimensions load on a higher-order general factor representing overall disorder severity. This
model is implemented as a constrained bifactor model, with constraints ensuring mathematical
equivalence to the second-order structure. Model parameters are estimated using the EM
algorithm, and latent trait scores are computed using EAP estimation with QMC integration with
10,000 quadrature points. As described in Chapter 2, QMC integration is used for all bifactor
models regardless of dimensionality because it provides a more accurate approximation of the
posterior distribution in the multidimensional latent space created by the general and specific
factors (Jank, 2005).

The general factor EAP estimate (6c) is extracted for each individual and used as a
unidimensional severity index. A classification threshold tc is determined by applying Youden’s
index to ROC curve analysis on the training data. Youden’s index, calculated as sensitivity plus

specificity minus one, identifies the threshold that maximizes classification accuracy while
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balancing sensitivity and specificity (Youden, 1950). An individual is classified as diagnosed

if 8; > t;. This approach reflects a compensatory classification model wherein high standing on
one specific dimension can compensate for lower standing on another dimension through their
shared contribution to the general factor (Stucky & Edelen, 2014; C. Wang, 2015). This
compensatory structure mirrors diagnostic conceptualizations wherein overall symptom severity,
rather than domain-specific severity, determines clinical significance. The use of a single
threshold on the general factor simplifies the classification decision and aligns with dimensional
approaches to psychopathology that emphasize transdiagnostic factors.

Non-compensatory MGRM (IRTmuii). The second approach implements a correlated
factors MGRM as described in Chapter 2, with each item loading on a single factor
corresponding to its symptom domain. For unidimensional scales (D = 1), a standard
unidimensional GRM is estimated using the EM algorithm with adaptive quadrature for EAP
estimation. For multidimensional scales (D = 3), the MH-RM algorithm is used for parameter
estimation, and QMC integration with 10,000 quadrature points is used for EAP estimation, as is
recommended for high-dimensional models (Jank, 2005).

Separate EAP scores are estimated for each dimension ( 8, ..., 8p), and dimension-
specific thresholds (ts, ..., tp) are determined independently via ROC analysis with Youden’s
index applied to training data (Youden, 1950). An individual is classified as diagnosed only if
they exceed the threshold on all dimensions simultaneously. In other words, 8;; > t, and 8;, >
t, and B3 > t. This approach reflects a non-compensatory (conjunctive) classification model
wherein high severity on one dimension cannot compensate for low severity on another
(Chalmers, 2020; Douissa & Jabeur, 2020). All criteria must be met for diagnosis, making this a

more stringent classification rule than the second-order IRT-based approach. This
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operationalization is consistent with diagnostic criteria requiring symptoms across multiple
domains. This approach assumes that diagnostic constructs are fundamentally multidimensional
and that severity of symptoms across all relevant domains is necessary for clinical significance.

Euclidean Distance (IRTep). The third approach uses the same estimated MGRM from
the IRTmuri approach, ensuring that any performance differences between IRT muriand IRTep
reflect differences in the classification rule rather than differences in the underlying
psychometric model. The same estimation procedures are used: EM with adaptive quadrature for
unidimensional models and MH-RM with QMC integration for multidimensional models.

In this approach, however, rather than applying dimension-specific thresholds, a single
severity index is calculated based on each simulee’s Euclidean distance from the point of
maximum trait levels in the D-dimensional latent space. The reference point representing
maximum symptom severity is defined in Equation 18 and the calculation for Euclidean distance
can be found in Equation 19. The negative of this distance (—ED:) is used as a severity score,
with larger values (smaller distances from the maximum) indicating greater disorder severity
across all domains. A classification threshold tep is determined via Youden’s index applied to the
training data, and a simulee is classified as diagnosed if ~-EDi> tep.

This method was included so as to evaluate if superior performance of one IRT-based
approach over the other resulted from its relative match to the generating classification rule. The
method uses the same distance-based criterion for classification that was used to generate
diagnostic classes, and as such, if classification performance is fully dependent upon
classification rule, this approach would perform best in all conditions.

Baseline Euclidean Distance (Baseline IRT). To determine the best possible

classification performance, separate models for the focal group and reference group data were fit.
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For unidimensional scales (D = 1), unidimensional GRMs were estimated using the EM
algorithm with adaptive quadrature for EAP estimation. For multidimensional scales (D = 3),
MGRMs were estimated via the MH-RM algorithm, and QMC integration with 10,000
quadrature points was used for EAP estimation, as is recommended for high-dimensional models
(Jank, 2005). For conditions without DIF, a single model was fit to the full sample. EAP
estimates for the focal and reference groups were then combined into a single matrix. Classes
were predicted using the Euclidean distance-based classification approach described in the
Diagnostic Class Generation via Euclidean Distance section above to the combined EAP
estimates, with two modifications. First, the reference point was derived from the estimated
rather than gold standard trait scores (as would be done in an applied scenario), and the threshold
was determined by maximizing Youden’s index rather than by a fixed prevalence rate.
Random Forest Classification

RF is used as a nonparametric machine learning approach for classification. RF
classifiers were trained on the item-level information, treating each item as a predictor and the
binary class label as the outcome (diagnosed or not diagnosed). This approach makes no
assumptions about the dimensionality of the scale, functional form of item responses, or
distributional properties of latent traits, allowing the algorithm to discover complex, nonlinear
patterns in the data through recursive portioning (Breiman, 2001). The RF approach represents a
fundamentally different paradigm from IRT-based classification: rather than estimating latent
traits and applying thresholds, RF uses an ensemble of decision rules to illustrate the pattern of
responses for each diagnostic class.

Each RF was set to have 1,000 decision trees, with each tree grown on a bootstrap sample

of the training data. The number of predictors considered at each split (mtry) was set to the
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square root of the number of predictors (\p), following standard recommendations for
classification tasks (Breiman, 2001). This random predictor selection at each node promotes
diversity among trees by ensuring that different trees partition the predictor space in different
ways. This diversity improves ensemble performance by reducing correlation between individual
tree predictions. Trees are grown to their maximum depth with terminal nodes containing cases
from a single class when possible, or when nodes contain fewer observations than can be further
split.

To address potential class imbalance, stratified bootstrap sampling is implemented within
each tree to equalize class representation during tree growth, as is recommended (Jacobucci et
al., 2023). Specifically, the sampsize parameter is set equal to the size of the minority class for
both classes, ensuring that each tree is trained on equal numbers of diagnosed and non-diagnosed
cases. This balanced sampling approach prevents the algorithm from developing a bias toward
predicting the majority class, which would result in high specificity but more sensitivity
(Jacobucci et al., 2023). Without this adjustment, RF would tend to classify most individuals as
non-diagnosed because this maximizes overall accuracy when the base rate is 30%. The stratified
sampling ensures that sensitivity and specificity receive equal consideration during tree growth.
RF models were implemented using the randomForest and caret packages in R, allowing for
efficient training and integration with cross-validation procedures (Kuhn, 2008; Liaw & Wiener,
2022).

Evaluation Metrics
For each condition, model accuracy, sensitivity (true positive rate), specificity (true

negative rate), precision, NPV, and F1 were calculated to assess classification performance.
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Cross Validation

To ensure robust and generalizable estimates of classification performance, all methods
were evaluated using a hold-out test set approach. RF also implemented OOB estimation. This
strategy balances computational efficiency with rigorous assessment of model generalization,
following recommendations for Monte Carlo simulation studies in psychometrics (Jacobucci et
al., 2023; Paxton et al., 2001; Schroeders & Gnambs, 2025).

Train-Test Split Design

For each simulation replication, two independent datasets were generated: a training set
for model development and a holdout set for performance evaluation. The training dataset
consists of 1,000 simulees and is used to train all classification models. The sample size is
sufficient for stable parameter estimation in multidimensional IRT models with up to three
dimensions (Jiang et al., 2016) while remaining computationally feasible. For IRT methods, the
training data is used to estimate item parameters and to compute latent trait scores via expected a
posteriori (EAP) estimation. For random forests, the training data is used to grow the ensemble
of 1,000 decision trees through recursive partitioning with bootstrap sampling.

The test dataset contains 10,000 completely independent simulees generated using the
same item parameters and data generation process as the training data, including identical DIF
items, impact levels, and measurement error structures, but with different random seeds to ensure
statistical independence. This large test set provides precise estimates of classification
performance by minimizing sampling variability in performance metrics. The 10:1 ratio of test to
training sample size follows recommendations for obtaining stable estimates of model
generalization error (Beleites et al., 2013). The test set is used exclusively for prediction and
performance evaluation, ensuring unbiased evaluation of out-of-sample generalization

performance.
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The use of independent train and test datasets, rather than resampling methods such as k-
fold cross-validation, offers several advantages in this simulation context. Generating two
independent datasets is substantially faster, which is critical given the computational burden of
152,000 unique datasets. The large test set of 10,000 observations provides more precise
performance estimates than would be obtained from smaller cross-validation folds, where each
fold might contain only 100 observations in 10-fold cross-validation applied to 1,000 cases. The
test set is completely independent of the training data, providing the strongest possible test of
generalization without any potential information leakage between training and testing phases. All
methods are evaluated on identical test sets within each replication, ensuring fair comparison
across classification approaches.

Classification Performance Analysis Plan

Simulation results from this study were analyzed using the classification and regression
tree algorithm (CART; Breiman et al., 1984). The random forests algorithm was also used to
assess variable importance (Breiman, 2001). Use of CART and RF variable importance follows
the approach developed by Gonzalez et al. (2018) for analyzing complex simulation studies. This
approach is outlined in Algorithm 2. CART is advantageous as it (1) accommodates the nested
structure of simulation data, (2) automatically detects higher-order interactions without the need
for pre-specification, (3) handles both continuous and categorical predictors well without
transformation, and (4) provides interpretable decision rules that directly inform practice

(Gonzalez et al., 2018).
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Algorithm 2 CART and Ensemble Tree Algorithms for Monte Carlo Simulation Analysis

Input: Monte Carlo simulation results with N = R x C replications, performance metric Y, and
simulation factors {Xu, ..., Xp}

Output: Pruned CART model, ensemble model performance, and variable importance
measures

For each performance metric Y:

Convert categorical predictors to factors;

Stratify data by simulation condition;

Randomly split data into training (50%) and testing (50%) sets;

Fit an overgrown regression tree on the training data using lenient stopping criteria;
At each node, select the split that minimizes the residual sum of squares (RSS);
Apply cost-complexity pruning using cross-validation;

Select the optimal complexity parameter;

Prune the tree to obtain the final CART model;

Evaluate the pruned tree on the testing data using mean squared error (MSE) and R%

CoNoR~wWNE

CART is a nonparametric tree-based method that recursively partitions data to identify
homogenous subgroups (Breiman et al., 1984). To analyze results of a Monte Carlo simulation,
each simulation replication is treated as an observation, with the performance metric (e.g.,
accuracy, sensitivity) as the outcome and all simulation factors (classification method, scale
dimensionality, measurement error, number of items, percent DIF, where the DIF is located, the
strength of the DIF, and impact) as predictors. The algorithm identifies which combinations of
factor levels lead to the highest or lowest performance, producing an interpretable tree diagram.
For example, a terminal node might indicate that “when dimensionality = 3 AND DIF strength >
1 AND method = S-O, mean accuracy = 0.72 (representing 8.5% of all replications).” This
provides prescriptive guidance for applied researchers with similar data conditions.

Classification method and whether DIF was in a single factor or multiple factors were
treated as unordered categorical variables, while the remaining six predictors were treated as
ordered categorical variables to avoid making inferences by interpolating between values. Six

different classification trees were used, one to predict each classification metric (e.g., accuracy,
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sensitivity, etc.). As separate trees are built for each performance outcome, results are presented
separately for each performance metric. All CART analyses were conducted in R using the rpart
package (Therneau & Atkinson, 2025). The rattle package was used for enhanced tree
visualizations from the CART approach (William, 2011).

To further examine interaction effects included in the CART models, additional
visualizations were created using the ggplot2 package (Wickham, 2016). Sobol MDA variable
importance scores were used to identify which simulation factors were important predictors of
classification performance across the classification approaches. The ranger package was used to
calculate the Sobol MDA scores (Bénard et al., 2022).

Results

Figure 9 presents marginal means and standard deviations for classification performance
(i.e., accuracy, sensitivity, specificity, precision, NPV, and F1) across all methods and sample
groups, with specific values provided in Table S1 (Appendix A). As expected, the baseline IRT-
based approach achieved the most balanced classification performance across metrics. By
optimizing Youden’s index rather than overall accuracy, this approach maximized the sum of
sensitivity and specificity jointly, yielding strong sensitivity (M = 0.78, SD = 0.12) alongside
reasonable specificity (M = 0.74, SD = 0.11). This balance came at the cost of precision relative
to some other approaches—the RF approach, for example, achieved higher accuracy (Mgrr =
0.77, Mgase = 0.75), specificity (Mrr = 0.83, Mgase = 0.74), and precision (Mgrr = 0.62, Mgase =
0.58) in the full sample, though with notably lower sensitivity (Mgre = 0.65, Mgase = 0.78). Taken
together, these results are consistent with the intended role of this approach as a performance

ceiling for IRT-based classification after accounting for measurement error: it does not represent
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the highest achievable value on any single metric, but rather the best attainable balance between
sensitivity and specificity when the correctly specified model is fit separately to each group.

IRTep was included not because it is a reasonable approach researchers might take, but
rather because it uses the same Euclidean distance-based decision rule as the baseline approach
but estimates the IRT model using pooled data. As such, inclusion allows for a direct comparison
between the separate group calibration approach and a method sharing the same decision rule but
using a misspecified model, thereby isolating the contribution of correct model specification—
rather than the decision rule itself—to classification performance. The IRTep approach was not
the best performing IRT-based classification approach across all metrics, illustrating that the
Euclidean distance-based decision rule alone is insufficient for strong classification performance.

Note that when the number of dimensions was one, IRT mui and second-order IRT models
were mathematically equivalent, as both models reduce to a unidimensional GRM. Thus, an
additional comparison was done examining their relative average performance in
multidimensional conditions only. These results (Table S2) show that second-order IRT-based
classifications had consistently as high (in terms of specificity and NPV) or higher (all other
metrics) average performance than IRTmuri classifications. As such, the IRTmuii approach was not
considered in further analyses.

CART was used to analyze simulation results following the approach in Algorithm 2. An
initial lenient complexity parameter (cp) value of zero was chosen to grow the full tree. Then the
one standard error rule was applied to obtain a pruned tree. As the standard error was incredibly
small during the cross-validation process (ranging from 0.002 to 0.007 across all models),
applying the one standard error rule resulted in trees that remained too complex for interpretation

(Minspiits = 70, MaXspiits = 110).
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To identify a more parsimonious tree, cp values were selected using a distance-based
elbow detection method. Following the geometric approach described by Satopaa et al. (2011)
and recently validated by Onumayi et al. (2022), the elbow point was identified by computing
the perpendicular distance from each point on the normalized cross-validated error curve to the
line connecting the curve’s endpoints and then selecting the point with the maximum distance.
This method identifies the point of maximum curvature where the tradeoff between model
complexity and cross-validation error is optimized (Morgado et al., 2023; Onumanyi et al., 2022;
Satopaa et al., 2011). The distance-based approach has been shown to be effective and stable
across diverse error curves, including those with smooth curvature and noisy perturbations
(Onumanyi et al., 2022), making it well-suited for model selection in Monte Carlo simulation
analysis. An example of this approach illustrating the process of pruning the tree predicting
classification accuracy can be found in Figure 10. Comparison of complexity parameters, tree
parsimony, and model fit (both MSE and R?) across all three parameter tuning approaches
(overgrown tree, the one standard error rule, and this distance-based method) can be found in
Table 4. Overall, across performance metrics, the distance-based CART decreased hold-out
sample model fit (Mamse = 0.0024, Mar2 = 0.0676) as compared to the one standard error rule,
but increased model parsimony (Maspiits = 77.67). As such, the CART models used to interpret
Monte Carlo simulation results were fit using the distance-based selected cp value.

Sobol MDA variable importance metrics were calculated for each outcome separately for
the RF and second-order IRT-based classification approaches to determine the relative
importance of each manipulated data variable on classification performance within classification

approach. All Sobol MDA values can be found in Table S3.
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Accuracy. CART analysis determined that measurement error was the strongest predictor
of accuracy (Figure 11). When measurement error was present (p = 0.5), accuracy was worse
than in conditions without measurement error (p = 1.0). This result was expected, as it has been
well documented that higher measurement error leads to higher prediction error (Blake &
Gangestad, 2020; de Ron et al., 2022; Gilbert, 2025; Hasan & Chu, 2022; Holsclaw et al., 2015;
Jacobucci & Grimm, 2020; Pankowska et al., 2025; Vowels, 2023).

In the measurement error conditions, second-order IRT-based classifications from a
unidimensional assessment (D = 1) were the least accurate (M =0.448, SD = 0.129), followed by
second-order IRT-based classifications from a multidimensional assessment (D = 3; M = 0.665,
SD =0.039). The most accurate classifications were produced by the RF approach (M = 0.697,
SD = 0.020); however, these classifications are worse than the classifications of a naive model
(i.e., every simulee was predicted into the majority, or null, class). In conditions with no
measurement error (p = 1), RF formed a terminal node (M = 0.851, SD = 0.029). As this node
did not have an average accuracy value that was clearly higher than all terminal nodes resulting
from the second-order IRT branch, additional data visualizations were created to further examine
relative performance of RF and second-order IRT-based classifications across different data
conditions.

In conditions where RF and second-order IRT-based classification accuracy fell below
the base rate accuracy of 0.700 (blue terminal node of Figure 11), second-order IRT-based
classification performance was found to be dependent upon both measurement error and
dimensionality. RF classifications were more accurate than second-order IRT-based
classifications, regardless of measurement error and dimensionality, with the largest difference in

performance occurring in unidimensional scales (Figure 12). When scales were
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multidimensional, RF classifications were only slightly more accurate than second-order IRT-
based classification

Variable importance results align with CART analyses, in that the only manipulated
simulation factor that had an effective impact on RF classification accuracy was measurement
error (Figure 13). Measurement error decreased RF classification accuracy by 15.4%, on
average. The most important manipulated factor for second-order IRT-based classification
accuracy was dimensionality, followed by measurement error, number of items, impact, b
strength, and percent of items that contained DIF. DIF in one factor versus DIF in multiple
factors was not found to be important to either RF or second-order IRT-based classifications
(i.e., a negative Sobol MDA value; Figure 13).

Sensitivity. CART analysis determined that measurement error was the strongest
predictor of sensitivity (Figure 14). Measurement error (p = 0.5) decreased classification
sensitivity as compared to no measurement error (p = 1.0). This result was once again expected.

When measurement error was not present, RF classifications from longer scales were the
most sensitive (M = 0.815, SD = 0.040), but RF classifications were not always more sensitive
than second-order IRT-based classifications. The sensitivity of second-order IRT-based
classifications was dependent on a variety of simulation variables. Additional analyses of short,
unidimensional scales revealed that RF classifications were always more sensitive than second-
order IRT-based classifications. However, in short multidimensional scales, RF classifications
were found to be less sensitive than second-order IRT-based classifications when the focal group
had either the same or higher average 0 levels and DIF was either absent or small (brocai — bref =

{0, 1}; Figure 15A).
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When measurement error was present and the scale was unidimensional, RF
classifications were more sensitive (M = 0.505, SD = 0.04) than second-order IRT-based
classifications (M = 0.375, SD = 0.04). When the scale was multidimensional, the sensitivity of
second-order IRT-based classifications was dependent on a variety of simulation variables.
Further analyses determined that RF classifications were less sensitive than second-order IRT-
based classifications when the focal group had either the same or higher average 0 levels and
DIF was either absent or weak (brocal — brer = {0, 1}; Figure 15B). Notably, however, this effect
did not depend on scale length (as was the case in conditions without measurement error).

Variable importance results indicate that measurement error is the most important
predictor in RF approaches, and scale dimensionality is most important in second-order IRT-
based classification approaches (Figure 16). Measurement error decreased the sensitivity of RF
classifications by 27.5%, on average; however, this varied across the number of items in the
scale. Whether DIF was in one factor or multiple factors was not found to be important for either
RF or second-order IRT-based classification sensitivity (i.e., a negative Sobol MDA value;
Figure 16).

Specificity. CART analyses determined that classification method was the strongest
predictor of specificity (Figure 17). When no measurement error was present, RF classifications
had the highest average specificity (M = 0.878, SD = 0.023), and all RF terminal nodes had
acceptable average specificity levels (Mmin = 0.777, Mmax = 0.878). However, RF classifications
were not always more specific than second-order IRT-based classifications (far left yellow node
of Figure 17).

As such, additional analyses were needed. Second-order IRT-based classification

performance was found to be dependent upon all simulation variables except for if DIF items
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were in one factor versus all factors. The only terminal node where average second-order IRT-
based classification specificity exceeded the minimum RF average specificity occurred when a
scale was unidimensional and the majority of items contained DIF (far left yellow terminal node
in Figure 17). As such, the influence of other simulation factors (measurement error, impact,
number of items, and DIF strength) on the specificity of classifications from both methods was
investigated in only these conditions (D = 1 and percent DIF = 0.66; Figure 18).

Variable importance results indicate that measurement error is the most important
predictor in RF approaches, and scale dimensionality is most important in second-order IRT-
based classification approaches (Figure 19). Measurement error decreased the specificity of RF
classifications by 10.1%, on average. Whether DIF was in one factor or multiple factors was not
found to be important to either method (i.e., a negative Sobol MDA value; Figure 19).

Precision. CART analyses determined that measurement error was the strongest predictor
of precision (Figure 20). In conditions without measurement error, RF classifications had
acceptable precision (M = 0.735, SD = 0.047) and were more precise than second-order IRT-
based classifications. In conditions with measurement error, both second-order IRT-based
classifications and RF classifications had low precision (i.e., M < 0.70); however, RF
classifications were more precise, on average, (M = 0.495, SD = 0.033) than second-order IRT-
based classifications (Mp =1 = 0.256, Mp =3=0.459). CART determined that second-order IRT-
based classification precision was dependent on dimensionality. As such, marginal means were
examined and found that RF classifications were more precise than second-order IRT-based
classifications in both unidimensional (Mgrr = 0.482, SDrr = 0.025, MirT = 0.257, SDirT = 0.111)

and multidimensional (Mgre = 0.509, SDrr = 0.034, Mgt = 0.459, SDirT = 0.042) conditions. RF
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classifications were slightly better in multidimensional conditions than unidimensional
conditions, however, the CART did not split on dimensionality for RF classifications.

Variable importance results indicate that measurement error is the most important
predictor for RF precision, although scale dimensionality was almost equally important for
second-order IRT-based classification precision. Measurement error decreased the precision of
RF classifications by 23.7%, on average. Length of scale was also found to be important for RF
precision, such that 30-item scales had 5.1% more precise classifications than 15-item scales.
The importance of whether DIF was in one factor or multiple factors was negligible for both RF
and second-order IRT-based classification precision (i.e., a negative Sobol MDA value; Figure
21).

NPV. CART analyses determined that measurement error was the strongest predictor of
NPV (Figure 22). The highest NPV was observed from RF classifications when no measurement
error was present (M = 0.906, SD = 0.022), exceeding the average NPV of all second-order IRT
child nodes. When scales were unidimensional and contained measurement error, RF
classifications had higher average NPV (M = 0.783, SD = 0.013) than second-order IRT-based
classifications (M = 0.626, SD = 0.087). However, when the scale was multidimensional and had
measurement error, CART did not distinguish between methods. As such, additional mean
analyses were needed, which determined that there was no meaningful difference between the
NPV of second-order IRT-based classifications (M = 0.808, SD = 0.040) and RF classifications
(M =0.792, SD = 0.018), providing evidence that the lack of this effect in the CART model was
not the result of over pruning the tree.

Variable importance results indicate that measurement error was the most important

predictor for the NPV of RF classifications, while scale dimensionality was the most important
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predictor for the NPV of second-order IRT-based classifications (Figure 23). Measurement error
decreased the NPV of RF classifications by 11.8%, on average. Length of scale was also found
to be important for RF precision, such that 30-item scales had an average NPV that was 2.2%
higher than 15-item scales. Whether DIF was in a single factor or multiple factors was not
important for either RF or second-order IRT-based classifications (i.e., a negative Sobol MDA
value; Figure 23).

F1. A standard base rate for the F1 of 0.46 was set by calculating the F1 if all simulees
were predicted to be in class 1 (as predicting all simulees to be in the null class would result in an
undefined F1 score; Equation 6). CART analyses determined that measurement error was the
strongest predictor of precision (Figure 24), decreasing the F1s of both RF and second-order
IRT-based classifications. In conditions with no measurement error, F1 of RF classifications far
exceeded the base rate (M = 0.760, SD = 0.047) and exceeded the average F1 of second-order
IRT-based classifications (Mmax = 0.726, SD = 0.179). In conditions with measurement error and
unidimensional scales, RF classification F1 exceeded the base rate (M = 0.492, SD = 0.028) and
average second-order IRT-based classification F1 (M = 0.296, SD = 0.098). CART analyses did
not find differences in second-order IRT-based classification and RF classification F1s when
scales were multidimensional. Marginal mean analysis supports this finding (Mirt = 0.512,
SDirt = 0.073; Mrr = 0.512, SDrr = 0.030).

Variable importance results indicate that measurement error was the most important
predictor for RF F1s, while measurement error and dimensionality were almost equally
important for second-order IRT-based classification F1s (Figure 25). Measurement error
decreased the F1 of RF classifications by 25.8%, on average. Length of scale was also found to

be important for RF F1, such that increasing the length of the scale from 15 to 30 items increased
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the F1 by 5%. Whether DIF occurred in a single factor or multiple factors was not important to
either RF or second-order IRT-based classifications (i.e., a negative Sobol MDA value; Figure
25).
Discussion

The ability to accurately place research participants into diagnostic groups is of vital
importance. Researchers typically create these groups using a two-step approach: a scale score is
estimated via a psychometric model such as IRT, and then a threshold is applied to assign
participants to diagnostic groups based on that estimate. When this approach is used, it invokes
an assumption of item invariance. Systematic differences across groups (i.e., DIF) have been
shown to bias diagnostic classifications, resulting in the systematic over- or under-diagnosis of
individuals in some groups (Gonzalez & Pelham I11, 2021; Lai et al., 2017, 2019). When the
cause of DIF is simple, such as a single demographic grouping variable, researchers can use
multi-group IRT to identify the bias and adjust scores post-hoc. However, when DIF arises from
complex group membership (e.g., at the intersection of multiple demographic variables),
traditional DIF detection methods may fail, and it may be unreasonable to expect that the IRT-
based model needed to account for the DIF can be correctly specified and estimated. This
dissertation sought to evaluate whether random forest (RF) is a viable alternative to IRT-based
classification in these scenarios. Results suggest that RF classifications are robust to the presence
of DIF and therefore may be a viable approach.
A Case for Compensatory Classification Rules

When scales were multidimensional, second-order IRT-based classifications consistently

matched or outperformed IRTmuri across all classification metrics. IRTmuii applies a non-
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compensatory classification rule requiring that individuals exceed set thresholds on each scale
dimension separately. This rule led to poor classification performance in the present simulations.

Given these findings, it is recommended that researchers use a second-order approach
over an IRTmuri approach when using IRT to classify participants from a multidimensional
diagnostic assessment. One might question whether this result is an artifact of the match between
the second-order IRT-based approach and the Euclidean distance-based data-generating
mechanism. However, IRTep, which uses the Euclidean distance-based rule, produced highly
imbalanced classifications with near-zero sensitivity and near-perfect specificity, demonstrating
that the decision rule is not the only predictor of classification performance. This suggests that
the superior performance of the second-order IRT-based classification approach is not a
simulation design artifact.

However, by choosing a compensatory classifier over a non-compensatory classifier, an
assumption is made about the nature of the construct. In this dissertation, the assumption is that
psychopathology is best understood as a composite severity index rather than a profile of distinct
facets that need to be accounted for separately when making classification decisions.
Compensatory models classify based on the greater construct of interest, while non-
compensatory models classify assuming each dimension needs be accounted for separately.
Researchers should therefore carefully consider whether the domains of their disorder of interest
are all distinctly important to a diagnosis or if a compensatory model better reflects the
diagnostic criteria of the disorder (Kroc & Olvera Astivia, 2022; Tamano et al., 2025). It is also
worth noting that this recommendation applies specifically to the between-item
multidimensionality examined here. When constructs require elevated scores across distinct

symptom domains—as in ADHD, which requires clinically significant symptoms in both
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inattention and hyperactivity-impulsivity—adopting a compensatory scoring strategy would not
align with the theoretical nature of the disorder.
Dimensionality Effects on IRT and RF Classification

Scale dimensionality was the most important predictor of second-order IRT-based
classification accuracy, sensitivity, specificity, NPV and F1 (and the second most important for
precision), yet had negligible effects on RF classification performance. This finding aligns with
the parametric nature of IRT; IRT’s estimate of a simulee’s latent trait is dependent upon a
researcher-specified structure. If the dimensionality of the structure is misspecified, the resulting
estimate, and the subsequent classification threshold, is likely to be biased. As such, a
classification threshold calibrated under one factor structure or one sample will not necessarily
generalize (e.g., separate diagnostic groups accurately) to another structure or sample. The
psychometric literature has documented substantial instability in factor analytic solutions across
samples and methodological contexts (Goretzko et al., 2025; Goretzko & Biihner, 2022; Manapat
et al., 2025), suggesting that the factor structure assumed when calibrating an IRT classification
threshold may not hold in the population to which classifications are ultimately applied (Flake et
al., 2022; Flake & Fried, 2020).

Second-order IRT-based classifications performed worse and exhibited greater variability
across replications in unidimensional conditions relative to multidimensional conditions. This
pattern was unexpected given that multidimensional classification is an inherently more complex
problem. The variability was largest in short, 15-item unidimensional scales, where a single-
group unidimensional GRM was used to estimate scale scores.

One possible explanation for this finding has to do with how the second-order factor

structure constrains estimation differently depending on dimensionality. In multidimensional
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conditions, the second-order MGRM anchors the general factor estimates across multiple
specific factors. This anchoring shrinks the general factor estimate and the corresponding
classification threshold, toward the mean. This can decrease the influence of sampling variability
on parameter estimation and classification prediction (Huang et al., 2012). In unidimensional
conditions, no such anchoring mechanism is available. With only a single factor to estimate, the
classification threshold is estimated without the shrinkage effect of the second-order structure,
making it more susceptible to idiosyncratic features of individual samples. In short, the very
complexity of the multidimensional model provides a regularizing effect that is not present in the
simpler unidimensional model.

In applied settings, researchers using an IRT-based classification approach with a short,
unidimensional scale, such as a screening instrument, should anticipate variability in
classification thresholds across samples. Rather than treating an estimated classification
threshold as a fixed value, researchers are encouraged to assess the impact of sampling
variability on this value. One practical approach to assessing the impact of sampling variability is
to report bootstrap confidence intervals around the estimated classification threshold. These
intervals provide a range of 6 values within which classifications should be interpreted with
caution. Individuals whose trait estimates fall within this range are neither clearly above nor
clearly below the threshold, and their classifications may be unreliable if the study were to be
replicated. This approach is consistent with more recent recommendations in the diagnostic
classification literature to report uncertainty around cut-point estimates rather than treating them
as fixed quantiles (Thiele & Hirschfeld, 2023).

Measurement error, indexed by the correlation between the generating gold-standard

latent trait and the generating assessment latent trait, was the dominant predictor of RF
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classification performance across all outcomes. When measurement error was present, RF
classification accuracy, sensitivity, specificity, precision, NPV, and F1 decreased. This finding is
consistent with the broader machine learning literature illustrating that classifiers trained on
features measured with error inherit that error into their predictions (de Ron et al., 2022;
Holsclaw et al., 2015). RF is not an exception to this, and its advantage over IRT in the presence
of DIF does not extend to situations where there is a large degree of item-level measurement
error. Rather, RF classifications are only accurate when items are reasonably reliable indicators
of the latent construct, and complex DIF prevents parametric approaches from correctly
modeling the latent structure. This is an important distinction, as psychometric models (e.g.,
IRT) are the current gold standard for determining how reliable items are relative to the latent
construct.
Effects of DIF on IRT- and RF-Based Classifications

Neither DIF percentage nor DIF strength were among the most important predictors of
RF classification performance across any outcome metric, and the location of DIF (i.e., whether
DIF items were all part of a single factor or spread across multiple factors) was not found to be
an important predictor of classification performance for either approach (Sobol MDA values
were negative). This pattern is consistent with previous work demonstrating that RF is robust to
the presence of unmodeled DIF (Bain et al., 2026) and extends those findings to the more
complex multidimensional case. Additionally, this study utilized shorter scales than Bain et al.
(2026) that are more representative of commonly used screening measures.

The insensitivity of RF to DIF location is perhaps unsurprising given that RF makes no
assumptions about the factor structure of a scale. More surprising, however, is that DIF location

was unimportant to second-order IRT-based classification performance. Because second-order
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IRT models the factor structure of a multidimensional instrument, one might expect that DIF
concentrated within a single factor would behave differently than DIF distributed across multiple
factors. Since the former only affects a single first-order factor, it is possible it would contribute
less bias to the general factor estimate than if DIF was present in all first-order factors.

Supplemental analyses indicate that IRTmuii classification performance was also similar
in conditions with DIF in a single factor compared to DIF in multiple factors (Table S3). Unlike
second-order IRT-based classification, IRTmuti applies independent threshold criteria per
dimension with no mechanism for pooling information across subscales. However, since IRT myti
requires a simulee to exceed all dimension-specific cut-points to be placed into the diagnosed
class, it is possible that the single-factor DIF location conditions led to incorrect classifications
based on that single factor alone. As such, whether DIF is in a single factor versus all factors
may not impact classification performance when compensatory scoring is used or when very
strict non-compensatory classification rules are used. It is possible that if a less strict non-
compensatory classification rule was used (e.g., a simulee only need exceed the diagnostic
threshold on two of the three dimensions), whether DIF was in a single factor versus all factors
may have more of an impact on classification performance.

DIF did moderate the relative performance of RF versus second-order IRT-based
classifications in important ways, particularly with respect to sensitivity. When scales were
multidimensional and the generating distribution of the focal group 6 had a higher mean than the
generating distribution for the reference group, second-order IRT-based classifications were
more sensitive than RF, regardless of measurement error. RF’s classification sensitivity in
multidimensional conditions was lower when the average focal group 6 was higher. This is likely

because RF learned the base rate classification pattern from the full sample without
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distinguishing between focal and reference group construct levels which could result in
systematic under-detection of true positives in the focal group when that group has higher
disorder prevalence. Researchers who suspect that individuals in the focal group have truly
elevated symptom levels (or disorder prevalence) compared to those in the reference group
should therefore exercise caution before using RF for classification.

Note that all DIF manipulations in this study increased item severity parameters for the
focal group, meaning focal group members required a higher trait level than reference group
members to endorse an item at the same level. As a result, IRT systematically underestimated
focal group 6 when DIF was present. This estimation error was compounded when the focal
group’s gold standard 6 values was higher than the reference group’s (i.e., positive impact
conditions). The sensitivity advantages of a second-order IRT approach to classification over RF
approach in these conditions could therefore partly be an artifact of DIF direction. Consistent
with this interpretation, second-order IRT-based classifications were not more sensitive than RF
classifications in negative impact conditions, where the focal group had lower gold standard 6
values than the reference group. In this scenario, although DIF likely caused IRT to
underestimate focal group 6 values, as the focal group truly had lower 6 values than the reference
group, the underestimation was not observed at the classification level. Had DIF instead
decreased severity parameters for the focal group, IRT would have overestimated focal group 6,
and the pattern would reverse. In positive impact conditions, RF classifications would be more
sensitive, but less specific, than second-order IRT-based classifications. In negative impact
conditions, the overestimation from negative DIF would partially cancel out with the lower
prevalence of the focal group, again attenuating differences between RF and second-order IRT-

based classification performance.
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Potential Limitations of the Use of IRT for Diagnostic Classification

Beyond the DIF and dimensionality findings, simulation results highlight an important
pattern regarding the relationship between model specification and classification stability. The
number of dimensions in the scale was the most important predictor of second-order IRT-based
classification performance, while measurement error most strongly predicted RF classification
performance. This reflects a fundamental difference in how these methods express uncertainty:
for IRT, classification performance is closely related to correct specification of the underlying
latent structure while RF classification performance is most strongly related to the strength of the
relationship between the items and the underlying construct.

Additionally, the present results illustrate that classifications based on traits estimated via
the GRM were highly variable across replications, even in conditions that did not contain
measurement error or DIF. This suggests that the process of estimating a classification threshold
based on a single continuous estimated 0 distribution is sensitive to sampling variability in ways
to which the constrained bifactor structure of the second-order IRT model is less sensitive.
Practitioners who rely on the GRM for unidimensional scales should be aware of this possibility,
particularly in shorter instruments. It is also likely a similar result would occur in smaller
samples, as both number of items and sample size contribute to the overall amount of
information that is used when estimating a GRM.

Potential Limitations of the Use of RF for Diagnostic Classification

The present results indicate that RF can produce accurate classifications under conditions
of complex, unmodeled DIF in both unidimensional and multidimensional scales. These
findings, however, should be considered alongside a practical limitation. Because RF predictions

are the result of many individual decision trees, it is as possible to articulate why a given
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individual was classified into a particular group as it is when a IRT-based approach to
classification is used (Fife & D’Onofrio, 2023; Jacobucci & Grimm, 2020). Post-hoc explanation
tools such as Shapley additive explanation (Lundberg & Lee, 2017) can describe which items
contributed most to a given prediction, but these approximations are local and are fundamentally
different from explanations of the latent structure of the construct. As Rudin (2019) has noted,
explaining a black-box model after the fact is a fundamentally different activity from building an
interpretable model in the first place. When researchers need to clearly justify group assignments
and link these assignments with psychological theory, IRT-based classification is the preferable
approach.

Two additional limitations follow from this. First, RF does not produce individual-level
standard errors, so there is no direct means of quantifying classification uncertainty for a given
individual. Second, application of a RF classifier trained in one sample to another sample is not
straightforward. The patterns driving the classification decisions may not generalize, and RFs
cannot be compared across studies in the way that IRT parameters can. This limits the
contribution of RF-based classifications to cumulative theoretical knowledge about the
diagnostic construct. Together, these considerations suggest that RF is best understood as a
practical solution for a specific problem, namely achieving accurate classification when complex
DIF renders parametric approaches such as IRT-based classification unreasonable, rather than a
general-purpose alternative to IRT in all cases (Bain et al., 2026; Doshi-Velez & Kim, 2017,
Grimm et al., 2023; Jacobucci et al., 2023; Rudin, 2019; Yarkoni & Westfall, 2017).

Practical Implications
Taken together, the findings from this dissertation offer several recommendations for

researchers using psychological scales for diagnostic classification. First, when scales are
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multidimensional, researchers should use second-order IRT-based scoring over dimension-
specific (non-compensatory) IRT scoring, unless they have strong theoretical justification for the
disorder of interest needing non-compensatory scoring. The consistently poor performance of
IRTmuii classifications relative to second-order IRT-based classifications makes dimension-
specific threshold application a questionable default choice.

Second, when complex DIF is present, RF is a viable alternative to IRT-based
classification for overall accuracy, precision, NPV, and F1. RF’s robustness to DIF makes it
well-suited to situations where complex violations of psychometric assumptions make it
unreasonable to use a psychometric approach. As participants in psychological research hold
complex, intersectional identities, it is likely that complex DIF may be present in the data
(Crenshaw, 1991). Previous research has found that adapting common DIF methods to perform
intersectional DIF detection may be infeasible in social sciences research, due to sample size
limitations. As such, intersectional DIF detection may be infeasible. As such, this study is just
one example in a growing body of literature on how machine learning models may be useful
when complex DIF is present in data (Bain et al., 2026; Kraus et al., 2022, 2024; Quan & Wang,
2026).

Third, measurement error was the primary predictor of RF performance. When scale
scores are not strongly correlated with gold standard assessments, RF performance decreases
substantially. This implies that researchers should not view RF as a universal solution to
classification problems; rather, RF is most beneficial when items are reasonably reliable and
valid indicators of the underlying construct, but DIF increases bias in parametric scoring.

Fourth, when researchers are most concerned with maximizing the sensitivity of

classifications (e.g., in screening applications where false negatives carry significant costs), and
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when the focal group is expected to have elevated symptom levels relative to the reference
group, the second-order IRT approach to classification may produce more sensitive
classifications than RF. Researchers should consider the relative costs of false positives and false
negatives in their specific context when selecting between approaches (Ryan & Oquendo, 2020;
Sheldrick et al., 2015), and should not assume that RF’s advantages on other classification
metrics extend to sensitivity under these demographic conditions.

Fifth, the finding that DIF location had negligible impact on classification for either
method suggests that the distinction between unidimensional and cross-dimensional DIF is less
important for classification accuracy than the overall magnitude of DIF. If classification is the
ultimate goal, researchers do not need to know if DIF occurs in a single dimension or in all
dimensions. Rather, the amount of measurement error introduced into the latent trait estimates,
whether through the number of DIF items, strength of the DIF, or the scale being a relatively
poor approximation of the gold standard diagnosis (e.g., weak to moderate correlation between
the scale and gold standard) is most important.

Finally, researchers using IRT for classification on unidimensional scales should be
aware that IRT-based classification thresholds may be more strongly affected by sampling
variability than is commonly discussed, and this variability should be explicitly quantified. One
practical approach involves constructing bootstrap confidence intervals around the estimated
classification threshold (Thiele & Hirschfeld, 2023).

Methodological Considerations: Notes on the Use of CART for Simulation Analyses

The use of CART to analyze Monte Carlo simulation results can offer advantages over

descriptive statistics or ANOVA-based analysis methods, including the ability to model higher-

order interactions and produce interpretable decision rules (Gonzalez et al., 2018). However,

82



current use presented challenges that have not been discussed in the literature. When simulation
designs involve a large number of factors and a large number of replications, the standard error
of the cross-validation error estimates becomes exceedingly small. As a result, implementing the
1-SE rule with the suggested lenient tuning parameters (i.e., cp = 0.01 or cp = 0.001) provided
virtually no pruning relative to the initial overgrown tree. Additionally, trees selected using the
1-SE rule were incredibly large (e.g., 70 to 110 splits), rendering them uninterpretable in the
context of identifying meaningful simulation patterns. This could be a consequence of the size of
the simulation: with millions of observations in the results data frame, the cross-validation error
is estimated very precisely, so even a marginal gain from adding a split is consistently
distinguishable from noise. The 1-SE rule, which was designed to balance precision and
parsimony, loses its usefulness when cross-validation error approaches zero.

Several features of the present simulation design differed from the studies examined by
Gonzalez et al. (2018). First, the two simulations presented by Gonzalez et al. (2018) each
evaluated a single statistical method under varying data conditions—power of the mediated
effect in one case, and the accuracy of coefficient in the other. Neither simulation compared
multiple methods. The present dissertation, by contrast, directly compared the classification
performance of two approaches (second-order IRT-based and RF-based) across simulation
conditions, meaning that method was itself a predictor in the CART. This additional source of
systematic variance, and its interactions with the remaining seven data condition manipulations,
increased the complexity of the predictor space. Second, Gonzalez et al. (2018) explicitly noted
in their limitations that the CART approach should be tested in simulations with more than the
six manipulated features used in their largest demonstration. The present simulation included

eight design factors. With more predictors, the algorithm has more candidate splits to evaluate at
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each node, which contributes to larger overgrown trees and, in combination with the small cross-
validation error estimates, further affects the 1-SE rule’s performance. Researchers applying
CART to analyze similarly complex simulation designs may also face this challenge and may
need to perform a priori analyses to reduce the dimensionality of the results matrix (as was done
here removing IRTmuri and IRTep), explore alternative pruning strategies, or apply an explicit
parsimony criterion (e.g., a fixed maximum tree depth) beyond what cross-validation standard
errors alone can provide.

To the author’s knowledge, this specific application of elbow detection implemented
within this dissertation has never been applied to CART. The elbow method has been extensively
utilized in cluster analysis, particularly for selecting the number of clusters in k-means, where it
identifies the point at which adding more clusters produces diminishing reductions in within
cluster variance (see, e.g., Ketchen & Shook, 1996; Thorndike, 1953). It has also been applied to
determine the best number of factors in an exploratory factor analysis (i.e., the elbow rule for
scree plots; Cattell, 1966). Extension of this method to tree-based model selection was found to
be useful. The method performed well in the present context, yielding trees that were
interpretable (averaging 10 to 15 splits across models) while maintaining acceptable holdout-
sample fit.

Limitations and Future Directions

As limitations, simulation results are only generalizable to the conditions studied, and
results may not necessarily be duplicated in other conditions. The data-generating model used a
compensatory model based on Euclidean distance to define diagnostic class membership. This
choice was theoretically motivated by dimensional and transdiagnostic models of

psychopathology, but it may have contributed to second-order IRT-based classifications
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outperforming IRT muii classifications. The recommendation to prefer the second-order IRT
approach over the IRTmuii approach may, therefore, not generalize to assessments designed with
a non-compensatory diagnostic structure. It is also possible that RF would perform poorly with
non-compensatory scales, as it does not account for distinct dimensions within a scale. Future
research should evaluate classification performance under non-compensatory data-generating
mechanisms to determine whether the present findings hold across different theoretical models of
a disorder.

The simulation study also examined only two levels of measurement error (p = 0.5 or 1).
While these levels were chosen based on a range of published values (Antons et al., 2026; Bain
et al., 2025; Dahlgren et al., 2025; C. R. G. Jones et al., 2024; Kim et al., 2024; Rosenthal et al.,
2021), future work should examine more measurement error conditions to identify the
correlation at which RF is no longer a good classifier.

Simple summed scores were not included as a comparison approach. Although previous
work has shown that IRT and RF outperform summed scores when measurement error is low,
samples are large, and scales have many items (Gonzalez, 2021), including a summed score
benchmark in the presence of DIF would allow researchers to better evaluate the costs and
benefits of using more sophisticated methods. Additionally, all IRT-based thresholds were
derived using Youden’s index, which treats false positives and false negatives as equally costly
and assumes equal group prevalence. However, other strategies exist in the literature. For
example, Hassanzad and Hajian-Tilaki (2024) recommend the Index of Union (1U) as a
preferable alternative, noting that Youden’s index can diverge meaningfully from other methods

when score distributions are skewed or group variances differ. Whether the choice of threshold
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method affects classification performance and stability, and whether the U produces more
consistent cut-points across replications, are questions that require future research.

A related question concerns whether the threshold instability observed for IRT
approaches would be reduced by using a summed score cut-point rather than a 6-based one. A 6-
based threshold depends on item parameter estimates that vary across samples, meaning both the
score metric and the threshold placement vary from replication to replication (Fink et al., 2025;
Sun et al., 2020; Xu & Liu, 2022; Yang et al., 2012). Summed score thresholds do not have this
problem because the score metric is fixed by the response format. At the same time, IRT’s
differential weighting of items is known to improve score precision (Chen et al., 2025; Edwards
& Edelen, 2009; O’Connor, 2018), classification accuracy (Kawilapat et al., 2022), and
sensitivity to individual-level change (Tang et al., 2023), which suggests that IRT-based
thresholds may better separate diagnostic groups when the model is correctly specified. Directly
comparing threshold stability across scoring approaches is an important direction for future
work.

Additional DIF conditions could also be examined. In this simulation study, the focal
group was defined by intersections of simulated race and gender variables, with DIF affecting all
focal groups uniformly. This was chosen as it is a simple possible case of intersectional DIF. In
practice, DIF tends to vary in direction, magnitude, and which items are affected across group
membership configurations. Future work should examine more complex intersectional DIF
patterns, including non-uniform and unbalanced DIF. Additionally, all DIF manipulations in the
present simulation increased item severity parameters for the focal group, meaning focal group
members needed a higher level of the trait than reference group members to endorse items in the

same way. This leads to underestimated 0 levels, and as such, is likely to increase the rate of
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false negatives in the focal group. Future research is needed to evaluate the relative effect of DIF
in a single factor versus DIF in multiple factors on classification performance when DIF
decreases severity parameters rather than increases them.

The present work does not address the interpretability of the classification methods
compared here. RF’s ensemble structure makes it difficult to understand why or how particular
classification decisions are made, and it lacks a connection to the theoretical latent structure of
the construct (Fife & D’Onofrio, 2023; Jacobucci et al., 2023). As RF is increasingly adopted for
psychological assessment, developing interpretable extensions (e.g., through SHAP values or
related tools; Lundberg & Lee, 2017) or examining more interpretable, but less accurate methods
such as decision trees, remains vital. As it stands, if a researcher requires a transparent way to
connect observed data with predicted classifications, IRT-based classification is still the best
approach.

Additionally, the present work used a stratified bootstrap sampling approach to address
class imbalances in the training data. This approach was recommended by Jacobucci et al.
(2023), however, other approaches to handling class imbalance could be investigated. For
example, one popular approach is the use of class-specific weighting (e.g., Bain et al., 2026;
Haixang et al., 2017). Additionally, use of more sophisticated approaches like the synthetic
minority oversampling technique (SMOTE; Chawla et al., 2002) could be investigated. Future
research could examine the relative performance of these approaches within the context of
diagnostic classification with DIF.

Finally, all simulations used a fixed prevalence of 30% for the diagnosed class.
Classification performance metrics depend on base rate in complex ways, and the relative

advantages of RF and IRT may change as prevalence changes. This matters most for low base
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rate disorders such as schizophrenia or rare neurodevelopmental conditions, where even small
classification errors can produce large errors in estimated prevalence and where the costs of
misclassification tend to be high (Lavigne et al., 2016; Zimmerman, 2022; Zimmerman & Holst,
2018). Previous work has shown that higher prevalence rates (30% compared to 12%), or more
balanced class sizes, led to lower classification precision of classifications for those in the focal
group (Bain et al., 2026), suggesting that base rate is a meaningful moderator for the patterns
observed here.

Conclusion

The purpose of this dissertation was to determine if RF is a viable approach to diagnostic
classification from self-report scales that contain complex DIF, contributing to the growing body
of literature on the use of nonparametric methods in psychometric contexts (Bain et al., 2026;
Classe & Kern, 2024; Gonzalez, 2021, 2025; Gonzalez et al., 2024; Kraus et al., 2022, 2024;
Orru et al., 2020, 2022; Quan & Wang, 2025). Additionally, this study provides prescriptive
guidance for researchers when predicting classifications from complex data. Findings suggest
that RF is a viable alternative to IRT-based classification in most, but not all, cases.

As psychological assessment continues to become increasingly complex, working with
increasingly heterogeneous populations, aligning methodological approaches with both
theoretical and empirical demands will be crucial to ensuring validity, fairness, and replicability
of diagnostic classifications. By providing evidence-based guidance on the tradeoffs between the
use of IRT and RF for complex psychological assessment classification problems, this
dissertation contributes to more informed and equitable diagnostic classification in psychological

research.
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Tables

Table 1. Proposed Diagnostic Criteria for Misophonia (Schroder et al., 2013).

A

The presence or anticipation of a specific sound, produced by a human being (e.g. eating
sounds, breathing sounds), provokes an impulsive aversive physical reaction which starts
with irritation or disgust that instantaneously becomes anger.

This anger initiates a profound sense of loss of self-control with rare but potentially
aggressive outbursts.

The person recognizes that the anger or disgust is excessive, unreasonable, or out of
proportion to the circumstances or the provoking stressor.

The individual tends to avoid the misophonic situation, or if he/she does not avoid it, endures
encounters with the misophonic sound situation with intense discomfort, anger or disgust.

The individual’s anger, disgust or avoidance causes significant distress (i.e. it bothers the
person that he or she has the anger or disgust) or significant interference in the person’s day-
to-day life. For example, the anger or disgust may make it difficult for the person to perform
important tasks at work, meet new friends, attend classes, or interact with others.

The person’s anger, disgust, and avoidance are not better explained by another disorder, such
as obsessive-compulsive disorder (e.g. disgust in someone with an obsession about
contamination) or post-traumatic stress disorder (e.g. avoidance of stimuli associated with a
trauma related to threatened death, serious injury or threat to the physical integrity of self or
others).

137



Table 2. Confusion Table for Classification in the Context of Psychological Diagnosis

Predicted
Diagnosed Not Diagnosed Prediction Error
' FN FN/(TP+FN
Gold Diagnosed TP I )
Standard Not Diagnosed FP TN FP/(FP+TN)
UseEror  FPITP+FP)  FN/FN+TN)  Total Error = - orr o
TP+FN+FP+TN

Note. TP represents true positives (diagnosed individuals correctly predicted by the assessment).
TN represents true negatives (non-diagnosed individuals correctly predicted by the assessment).
FP represents false positives (non-diagnosed individuals incorrectly predicted as diagnosed). FN
represents false negatives (diagnosed individuals incorrectly predicted as non-diagnosed). The
main diagonal contains the number of cases correctly predicted by the assessment, and the off-
diagonal contains the number of cases incorrectly predicted by the assessment.
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Table 3. Manipulated Simulation Variables

Variable Levels
Varying

Dimensionality One, Three
Correlation between Opiagnosis and Oscale (measurement error) 1, 0.5
Number of Items

% of Total Items with DIF 0, 0.33, 0.66°

Factor with DIF

b DIF Strength

Impact

Fixed

DIF Groups Structure

DIF Scope

DIF Balance

Prevalence of Diagnosed Class
Sample Size

Single Factor, Across all factors
0,1,3
0,-1,1

Interaction of Sex and Race
Threshold parameter only
Unbalanced

30%

1,000

° Note that a DIF percentage of 66% cannot occur in a three-factor model when DIF occurs in only a single factor, as

only 33% of items will load onto a single factor. As such, all 66% conditions occur in either (a) a one factor model,

or (b) with DIF across multiple factors.
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Table 4. Comparison of Fit Metrics for All CART Models with Second-Order IRT-Based and RF Methods Only

Metric (s?) Tuning Strategy CP Splits MSE R? MSE R?
Accuracy (0.033)
Full 0 303 0.0058 0.8210 0.0058 0.8203
1SE 0.0001 70 0.0059 0.8185 0.0059 0.8177
Elbow 0.0072 10 0.0077 0.7607 0.0078 0.7597
A1SE - Elbow 60 -0.0019 0.0578 -0.0019 0.0579
Sensitivity (0.039)
Full 0 303 0.0064 0.8358 0.0065 0.8346
1SE 0.0001 110 0.0065 0.8338 0.0066 0.8328
Elbow 0.0041 18 0.0091 0.7666 0.0092 0.7653
A1SE - Elbow 92 -0.0026 0.0671 -0.0027 0.0675
Specificity (0.036)
Full 0 303 0.0078 0.7841 0.0078 0.7834
1SE 0.0001 75 0.0079 0.7816 0.0079 0.7810
Elbow 0.0113 11 0.0109 0.6976 0.0110 0.6957
A1SE - Elbow 64 -0.0030 0.0840 -0.0031 0.0853
Precision (0.039)
Full 0 303 0.0057 0.8565 0.0057 0.8555
1SE 0.0001 84 0.0057 0.8545 0.0058 0.8536
Elbow 0.0065 10 0.0082 0.7930 0.0083 0.7916
A1SE - Elbow 74 -0.0024 0.0615 -0.0025 0.0620
NPV (0.020)
Full 0 303 0.0039 0.8060 0.0039 0.8057
1SE 0.0001 87 0.0039 0.8032 0.0040 0.8030
Elbow 0.0052 10 0.0051 0.7440 0.0052 0.7432
A1SE - Elbow 77 -0.0012 0.0592 -0.0012 0.0598
F1 (0.038)
Full 0 303 0.0052 0.8643 0.0053 0.8631
1SE 0.0001 109 0.0053 0.8623 0.0054 0.8611
Elbow 0.0060 10 0.0081 0.7903 0.0082 0.7882
A1SE - Elbow 99 -0.0028 0.0721 -0.0028 0.0729
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Figures

Figure 1

Conceptual Models of Multidimensionality

_A. Two-factor model B. Two-factor with cross-loadings C. General Specific factor model
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Note: Panel A shows a two-factor model representing between-item multidimensionality, where
each item loads exclusively on one of two distinct latent factors, reflecting separate constructs.
Panel B depicts a two-factor model with cross-loadings, illustrating within-item
multidimensionality through items that load on multiple latent factors simultaneously. Panel C
presents a general-specific factor model, a second form of within-item multidimensionality, in
which each item loads on both a general factor (capturing shared variance across all items) and
one or more specific factors (capturing unique variance attributable to subgroup or trait-specific
dimensions). This structure can arise due to phenomena like differential item functioning (DIF),
where item responses vary systematically across groups (e.g., by race or culture) despite
equivalent levels of the underlying trait.

141



Figure 2

ROC curves illustrating the performance of two binary classifiers.
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Note: The left panel illustrates a classifier with poor discrimination ability, yielding an area
under the curve (AUC) of 0.54, which is close to random guessing. The right panel shows a
classifier with good discrimination ability, achieving an AUC of 0.93, indicating strong
predictive performance. The dashed diagonal line represents the performance of a random
classifier (AUC = 0.5).
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Figure 3

The Steps Required to Form Classifications Via IRT.
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Figure 4

Trace Lines, Item Information Curves, and Test Information Curves.

A. Item 1 Information Curve (II1C) B. Item 1 Information Curve (IIC) C. Test Information Function (TIF)
100 1
201
151
0.75 1
151
g g
£ 1.0 S
z k= =]
Z 050 § g
% E - 10
Q0 o
= =
0.5
0.25 1
5
0.00 0.0 0-
4 2 0 2 4 M 5 0 7 i ) v v : -
0 0 0

Response Category === 1 == 2 ==+ 3 == 4 == 5

Note: Panel A shows the category response curves for Item 1, plotting the probability of endorsing each response category (1 through
5) across levels of the latent trait (6). Each curve represents the probability of selecting a specific response option as a function of 6,
indicating how item responses vary with the underlying trait. Panel B depicts the Item Information Curve (I11C) for Item 1, showing the
amount of information this item provides at different values of 6. The peak of the curve indicates where the item is most informative.
Panel C displays the Test Information Function (TIF), which aggregates item information across all items in the test, illustrating the
precision of the test at various levels of 0. Higher peaks in the TIF indicate greater measurement precision at those 6 values.
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Figure 5
Category Characteristic Curves for a 5-Point Likert Scale Item Exhibiting Differential ltem

Functioning (DIF).

A) Uniform DIF

Strongly Disagree Disagree Neutral Agree Strongly Agree
1.004

0.504

Probability

1 2 0 2 1 1 2 0 2 1 1 2 0 2 1 I 2 0 2 1 1 2 0 2 4
Latent Trait (0)

B) Non-Uniform DIF

y Strongly Disagree Disagree Neutral Agree Strongly Agree
109

0.501

Probability

0.004

2 4 -4 -2 0 2 | -4 4 -4 -2 0 2 | -4 -2 0 2 1

-2 0 2
Latent Trait (0)

group == Men — Women

Note: Panel A shows uniform DIF, where the probability curves for men (dashed lines) are
consistently shifted relative to women (solid lines) across all response categories (1=Strongly
Disagree to 5=Strongly Agree) such that men are less likely to endorse the item than women.
Panel B shows non-uniform DIF, where the differences between men and women vary across the
latent trait continuum, with curves crossing in some categories. Both panels display the
probability of each response option as a function of the latent trait (6), demonstrating how DIF
manifests differently in these two forms. Trace lines are typically plotted on a single x-axis but
are separated here for readability.
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Figure 6
Example Decision Tree Illustrating a Simplified Diagnostic Pathway for Attention-

Deficit/Hyperactivity Disorder (ADHD) Based on Representative Symptom Screening Questions.
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Figure 7

Diagram Illustrating the Two Possible Processes for Classification via RF.
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Figure 8

Illustration of the Euclidean Distance Approach for Generating Classes
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Note. Panel (a) illustrates the unidimensional case. Individuals to the right of the boundary
(distance < ¢ from 07) are classified as diagnosed. Panel (b) illustrates the three-dimensional case
via pairwise 2D projections. This dashed circle approximates the projected decisions. Points
closer to 0" across all three dimensions simultaneously are classified as diagnosed.
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Figure 9

Marginal Means and Standard Deviations of Classification Performance Metrics by Method and

Sample Group

Accuracy Sensitivity Specificity
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Note: Mean performance across all outcome metrics and the four classification methods across
all simulated conditions. Error bars represent £1 standard deviation. Classification methods
include: Baseline = baseline item response approach; ED = item response theory (IRT) using
Euclidean distance threshold; Multi = IRT using dimension-specific thresholds for each
dimension; S-O = second-order IRT based classifications; RF = random forest. Note that in
conditions where the scale only contained one dimension, Multi and second-order IRT are the
same model. Performance metrics are displayed separately for the full sample, reference group
(female x White), and focal group (all other demographic combinations: female x Black, female
x Latinx, and male x Black). All metrics are bounded between 0 and 1, with higher values
indicating better classification performance. The full sample represents overall classification
performance, while reference and focal group comparisons reveal potential differential
performance across demographic subgroups in conditions with differential item functioning
(DIF). Results are based on 1,000 Monte Carlo replications per condition across 168 simulation
conditions varying in dimensionality, measurement error, scale length, DIF prevalence, DIF
location, DIF strength, and impact.
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Figure 10

Distance-Based Elbow Detection for CART Complexity Parameter Selection
A
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Note: This figure demonstrates the distance-based elbow detection method used to select
complexity parameters (CP) for Classification and Regression Tree (CART) models analyzing
accuracy outcomes from Monte Carlo simulations. Panel A illustrates the geometric basis of the
elbow detection algorithm in normalized space, where both log(CP) and cross-validation error
are scaled to the unit interval [0,1]. The dashed red line connects the first and last points of the
normalized curve. Blue (maximum) and gray (additional examples) arrows demonstrate the
perpendicular distance calculations from points on the curve to this reference line, with the point
of maximum perpendicular distance (shown as a blue diamond) identifying the elbow. This
geometric approach detects the point of maximum curvature where the trade-off between model
complexity and prediction error is optimized. Panel B presents the distance profile across all CP
values, showing how perpendicular distance varies along the sequence. The peak of this profile
(marked with a blue diamond and vertical dashed line) corresponds to the selected elbow point.
The distance-based method identified a CP value that balanced interpretability and predictive
performance, yielding a more parsimonious tree than the 1SE rule while maintaining acceptable
cross-validation error. All panels share the same CP sequence on the x-axis, with every 10th
value displayed for clarity. Panel C displays the cross-validation error curve across the CP
sequence. The vertical dashed red line indicates the CP value selected by the one-standard-error
(1SE) rule. The vertical solid blue line marks the CP value selected by the distance-based elbow
detection method, representing a more parsimonious model. The x-axis in Panel C is limited to
plot only every 10" value, as displaying all tested CP values decreased clarity.
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Figure 11
Regression Tree Predicting Classification Accuracy of Second-Order IRT and RF Across

Simulation Conditions.
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Note. S-O = second-order IRT approach; RF = random forest; dim = number of dimensions in
the scale; pDIF = percent of items that contained DIF; bStrength = strength of DIF in the b
parameter; impact value indicates the p of the 6 distribution of the focal group (u for the
reference group distribution was always zero). Yellow terminal nodes indicate conditions where
second-order IRT-based and RF-based classifications were more accurate, on average, than a
base rate of 0.7. Blue terminal nodes indicate where RF average classification accuracy was
worse than the base rate, but better than second-order IRT-based classification accuracy.
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Figure 12
Line Graph of Classification Accuracy for Second-Order IRT (S-O) and Random Forest (RF)

Methods Across Simulation Conditions Where S-O and RF Methods Do Not Meet Base Rates
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Note: Line graphs of mean classification accuracy for second-order IRT (S-O) and RF
classifications (color and shape) as a function of measurement error (x-axis) and scale
dimensions (line type), and number of items and impact (columns). In all panels, the dotted
horizontal line demarcates a base rate accuracy of 0.70. These data conditions led to terminal
nodes in CART models where average accuracy of second-order IRT-based and RF
classifications fell below 0.70 but RF classifications were more accurate than second-order IRT-
based classifications.
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Figure 13
Sobol MDA Variable Importance Measures for Predicting Classification Accuracy Using Either

the RF or Second-Order IRT-Based Approach.
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Note: RF = random forest; S-O = second-order IRT; DIF location = where DIF occurred in the
scale (i.e., in a single factor versus across multiple factors). Dark red circles and blue triangles
correspond to second-order IRT and RF approaches, respectively. A vertical line is included to
demarcate the zero point. Negative Sobol MDA values indicate that removing the predictor from
the model improves predictive accuracy.
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Figure 14

Regression Tree Predicting Classification Specificity of Second-Order IRT and RF Across

Simulation Conditions.
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Note: S-O = second-order IRT approach; RF = random forest; dim = number of dimensions in
the scale; pDIF = percent of items that contained DIF; bStrength = strength of DIF in the b
parameter; impact value indicates the p of the 0 distribution of the focal group (u for the
reference group distribution was always zero). Yellow terminal nodes indicate conditions where
second-order IRT and RF classifications were more specific, on average, than a base rate of 0.7.
Blue terminal nodes indicate where RF average classification specificity was worse than the base
rate, but better than second-order IRT classification specificity. Pink terminal nodes indicate
where RF average classification specificity was higher than some, but not all, second-order IRT
nodes within the same branch.
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Figure 15.

Line Graphs of Classification Sensitivity of the Second-Order IRT (S-O) and Random Forest
(RF) Methods Under Multidimensional Scale Conditions as a Function of DIF Percentage, DIF

Strength, and Impact.
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Note: Panel A displays results when measurement error is present in the scale, collapsed across
number of items. Panel B displays results when no measurement error is present, presented
separately for 15-item and 30-item tests. In both panels, columns correspond to impact ({Focal = -
1, 0, 1; prefwas always zero). The proportion of DIF items (pDIF) is displayed on the x-axis
(0.33 and 0.66), and line type indicates bStrength (0, 1, 3). The horizontal dotted line represents
an acceptable sensitivity threshold of 0.70. S-O = second-order IRT approach; RF = random
forest; dim = number of dimensions in the scale; pDIF = percent of items that contained DIF;
bStrength = strength of DIF in the b parameter; impact value indicates the p of the 0 distribution
of the focal group (. for the reference group distribution was always zero).
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Figure 16
Sobol MDA Variable Importance Measures for Predicting Sensitivity of Classifications Using

Either the RF or Second-Order IRT Approach.
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Figure 17

Regression Tree Predicting Classification Specificity of Second-Order IRT and RF Across

Simulation Conditions.
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Note. S-O = second-order IRT approach; RF = random forest; dim = number of dimensions in
the scale; pDIF = percent of items that contained DIF; bStrength = strength of DIF in the b
parameter; impact value indicates the p of the 6 distribution of the focal group (u for the
reference group distribution was always zero). Yellow terminal nodes indicate conditions where
second-order IRT and RF classifications were more specific, on average, than an acceptable base

rate of 0.7.
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Figure 18

Line Graphs of Classification Specificity for Second-Order IRT (S-O) and Random Forest (RF)
Approaches in Unidimensional Conditions where Average Second-Order IRT-Based

Classification Performance was Acceptable
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Note: Line graphs of mean classification specificity for second-order IRT and RF classifications
as a function of the measurement error, number of items (line type), and impact. In all panels, the
dotted horizontal line demarcates an acceptable specificity of 0.70, and black and blue colors
correspond to second-order IRT and RF methods, respectively.
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Figure 19
Sobol MDA Variable Importance Measures for Predicting Specificity of Classifications Using

Either the RF or Second-Order IRT Approach.

Measurement Error ] A
Dimensionality A .
N items A e
Impact A .

b Strength A e

Simulation Variable

% DIF A e

DIF Location [\

0.0 0.1 02 03 04 05 0.6 0.7 08 09 10
Sobol-MDA

Method ® S-O A RF

159



Figure 20

Regression Tree Predicting Classification Precision of Second-Order IRT and RF Across

Simulation Conditions
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Note: S-O = second-order IRT approach; RF = random forest; dim = number of dimensions in
the scale; pDIF = percent of items that contained DIF; bStrength = strength of DIF in the b
parameter; impact value indicates the p of the 6 distribution of the focal group (u for the
reference group distribution was always zero). Yellow terminal nodes indicate conditions where
second-order IRT and RF classifications had an acceptable precision (M > 0.70). Blue terminal
nodes indicate conditions where second-order IRT and RF classifications did not have an
acceptable precision, but RF outperformed second-order IRT.
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Figure 21
Sobol MDA Variable Importance Measures for Predicting Precision of Classifications Using

Either the RF or Second-Order IRT Approach.
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Figure 22.

Regression Tree Predicting the Negative Predictive Value of Second-Order IRT and RF Across

Simulation Conditions
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Note: S-O = second-order IRT approach; RF = random forest; dim = number of dimensions in
the scale; pDIF = percent of items that contained DIF; bStrength = strength of DIF in the b
parameter; impact value indicates the p of the 6 distribution of the focal group (u for the
reference group distribution was always zero). Yellow terminal nodes indicate conditions where

second-order IRT and RF classifications had an acceptable NPV (M > 0.70). Green terminal
nodes did not contain method as a split in their branch.
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Figure 23
Sobol MDA Variable Importance Measures for Predicting NPV of Classifications Using Either

the RF or Second-Order IRT Approach.
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Figure 24

Regression Tree Predicting F1 Scores of Second-Order and RF Approaches Across Simulation

Conditions
(70569 )
(100.0% )
sd 0.196
corr=1
corr=0.5
chifsiy
0.453 (0683
49.9% (80.1% J
$d 0.112 $d 0.195
dim=3 method = RF
dim=1 method = S-0
it indy
0.394 0.607
Qﬁ% [ﬁ-ﬁ% |
54 0.122 d 0.249
method = RF dim=3
method = S-0 dim=1
0.494
12.4% )
sd 0.307
n_items = 30
n_items =15
(0.347) 0.641
6.2% ) 62%
540278 40261
impact = -1 impact = -1,0
impac} =01 impact =1
0.222)
4.2%
sd 0.223
bStrength =3
bStrength = 0,1
0.34
2.0%
sd 0.251
PDIF = 0.66
pDIF =0,0.33
0.296 0.492 0.512 0.118 E) 202) 0.614 0.454) 0.726 0.719 0.76
124% 12.4% 5.0% 23% 1.3%) 2.0% 1.9% 4.3% 12.6% 250%
540098 540028 540050 540126 40189 540073 540177 54031 540179 540072 540047

Note: S-O = second-order IRT approach; RF = random forest; dim = number of dimensions in
the scale; pDIF = percent of items that contained DIF; bStrength = strength of DIF in the b
parameter; impact value indicates the p of the 6 distribution of the focal group (u for the
reference group distribution was always zero). Yellow terminal nodes indicate conditions where
second-order IRT and RF classifications had F1s that exceed the base rate (M > 0.46; calculated
via the assumption that all people were placed into class 1). Green terminal nodes did not have a

parent node that split on method.
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Figure 25
Sobol MDA Variable Importance Measures for Predicting F1 Scores of Classifications Using

Either the RF or Second-Order IRT-Based Approach.
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Appendix A

Table S1. Marginal Means and Standard Deviation of Performance of Each Classification
Method and DIF Group Across All Conditions

Marginal Mean (SD)

Method Accuracy  Sensitivity  Specificity  Precision NPV F1
Baseline IRT

Full 0.75(0.10) 0.78(0.12) 0.74(0.11) 0.58(0.13) 0.88 (0.06) 0.66 (0.12)

Reference  0.76 (0.10) 0.80(0.12) 0.75(0.12) 0.58 (0.13) 0.90 (0.07) 0.66 (0.14)

Focal 0.71(0.11) 0.78(0.17) 0.73(0.16) 0.58(0.13) 0.83(0.18) 0.56 (0.22)
IRTeD

Full 0.71 (0.02) 0.07 (0.09) 0.99 (0.03) 0.84(0.16) 0.71(0.02) 0.14(0.13)

Reference  0.63 (0.16) 0.03 (0.06) 1.00(0.01) 0.92(0.14) 0.62(0.17) 0.10(0.12)

Focal 0.74 (0.05) 0.09 (0.11) 0.99(0.03) 0.83(0.18) 0.74(0.06) 0.17 (0.15)
SO IRT

Full 0.63(0.22) 0.57 (0.23) 0.66 (0.23) 0.47 (0.23) 0.75(0.18) 0.50 (0.23)

Reference  0.59 (0.24) 0.35(0.29) 0.72(0.36) 0.63(0.32) 0.59 (0.24) 0.36 (0.26)

Focal 0.65(0.22) 0.64 (0.29) 0.65(0.21) 0.44(0.24) 0.81(0.18) 0.52 (0.26)
|RTmuIti

Full 0.51(0.19) 0.28 (0.25) 0.61(0.22) 0.25(0.24) 0.65(0.15) 0.26 (0.24)

Reference  0.41(0.20) 0.31(0.25) 0.50(0.34) 0.35(0.30) 0.49(0.23) 0.24(0.18)

Focal 0.55(0.20) 0.28 (0.31) 0.65(0.21) 0.23(0.25) 0.69 (0.16) 0.24 (0.27)
RF

Full 0.77 (0.08) 0.65(0.15) 0.83(0.06) 0.62(0.13) 0.85(0.06) 0.63(0.14)

Reference  0.76 (0.10) 0.46 (0.25) 0.87 (0.16) 0.74(0.19) 0.73(0.13) 0.53(0.23)

Focal 0.78 (0.09) 0.68 (0.18) 0.81(0.07) 0.57 (0.14) 0.87 (0.07) 0.62 (0.16)

Note: IRTep = item response theory using a Euclidean distance threshold; SO = second-order
item response theory using a general factor threshold; IRT muii = item response theory using a
dimension specific threshold for each dimension; RF = random forest; Marginal means and
standard deviations collapsed across conditions within classification method and sub-group.
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Table S2. Marginal Means and Standard Deviations of Performance of Each Classification

Method and DIF Group in Multidimensional Conditions (i.e., D = 3).

Marginal Mean (SD)

Method Accuracy  Sensitivity  Specificity  Precision NPV F1
Baseline IRT

Full 0.75(0.09) 0.77 (0.11) 0.73(0.10) 0.57 (0.11) 0.88 (0.05) 0.65(0.10)

Reference  0.76 (0.09) 0.79 (0.11) 0.75(0.11) 0.57 (0.11) 0.89 (0.07) 0.65(0.12)

Focal 0.71(0.12) 0.78(0.16) 0.72(0.16) 0.57 (0.11) 0.83(0.18) 0.55(0.24)
IRTep

Full 0.72 (0.02) 0.10(0.10) 0.99 (0.03) 0.86(0.15) 0.72(0.02) 0.17 (0.14)

Reference  0.63 (0.18) 0.04 (0.07) 1.00(0.01) 0.94(0.12) 0.62(0.19) 0.12(0.13)

Focal 0.75(0.06) 0.12 (0.13) 0.99 (0.03) 0.85(0.17) 0.75(0.06) 0.19(0.16)
SO IRT

Full 0.74 (0.09) 0.69 (0.16) 0.77(0.10) 0.57 (0.12) 0.85(0.06) 0.62 (0.13)

Reference  0.73(0.14) 0.33(0.30) 0.93(0.09) 0.83(0.18) 0.70(0.16) 0.43(0.30)

Focal 0.75(0.10) 0.80(0.12) 0.72(0.12) 0.53(0.13) 0.91(0.06) 0.63(0.12)
|RTmuIti

Full 0.50 (0.08) 0.12 (0.11) 0.67(0.12) 0.14(0.14) 0.64 (0.04) 0.12(0.10)

Reference  0.36 (0.13) 0.25(0.22) 0.50 (0.25) 0.23(0.21) 0.49(0.19) 0.19 (0.15)

Focal 0.54 (0.09) 0.09 (0.12) 0.72(0.12) 0.11(0.15) 0.68 (0.07) 0.08 (0.11)
RF

Full 0.77 (0.07) 0.64 (0.13) 0.83(0.05) 0.61(0.11) 0.84(0.06) 0.63(0.12)

Reference  0.76 (0.10) 0.43(0.25) 0.87(0.16) 0.74(0.18) 0.72(0.14) 0.51 (0.24)

Focal 0.78 (0.08) 0.67 (0.17) 0.81(0.06) 0.56 (0.13) 0.87 (0.06) 0.61 (0.14)

Note: IRTep = item response theory using a Euclidean distance threshold; SO = item response
theory using a second-order general factor threshold; IRTmuri = item response theory using a
dimension specific threshold for each dimension; RF = random forest; Marginal means and
standard deviations collapsed across conditions within classification method and sub-group.
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Table S3. Random Forest Cross-Validated Fit Measures and Sobol MDA Variable Importance Measures Across Second-Order IRT-,
MGRM-, and RF-Based Classification Performance Metrics.

Fit Measures Variable Importance
Train Test Train Sobol MDA
Outcome Method  MSE R2 MSE R2 Dim Corr Iltems % DIF Local b Impact
Accuracy
SOIRT 0.016 0.677 0016 0.676 0369 0.189 0.103 0.012 - 0.025 0.102
MGRM 0.017 0511 0.017 0512 0250 0.188 0.122 0.002 - 0.027 0.128
RF <0.001 0.958 <0.0010 0.958 0.001 0902 0.018 - - - -
Sensitivity
SOIRT 0.018 0.673 0018 0.672 0.392 0.164 0.088 0.005 - 0.03 0.117
MGRM 0.017 0.718 0.017 0.716 0545 0.103 0.076 - - 0.020  0.083
RF 0.001 0.944 0.001 0.944 - 0.878  0.021 - - - 0.005
Specificity
SOIRT 0.020 0.638 0.020 0.637 0.297 0.163 0.092 0.039 - 0.051 0.111
MGRM 0.023 0528 0.023 0529 0303 0.151 0.089 0.031 - 0.051  0.123
RF <0.001 0921 <0.001 0920 0.006 0.857 0.030 - - - 0.009
Precision
SOIRT 0.015 0.713 0.015 0.711 0.279 0306 0.095 0.012 - 0.022  0.096
MGRM 0.019 0664 0020 0.662 0.375 0.164 0.074 0.021 - 0.053  0.100
RF 0.001 0.955 0.001  0.955 - 0.895  0.021 — — - -
NPV
SOIRT 0.010 0.678 0.010 0.678 0465 0.135 0.121  0.008 — 0.023  0.119
MGRM 0.011 0505 0.011 0506 0229 0.164 0.173 0.006 — 0.024 0.161
RF <0.001 0.952 <0.001 0.952 - 0.891  0.017 — — - -
F1 Score
SOIRT 0.014 0.719 0.014 0.717 0349 0.264 0.099 - - 0.015 0.106
MGRM 0.017 0.698 0.017 0.697 0.478 0.151  0.086 - - 0.016  0.084
RF 0.001 0.952 0.001 0.954 — 0.894  0.017 — — — —

Note: SO IRT = Second-order IRT; MGRM = multidimensional graded response model IRT (IRTmuii); RF = random forest; Dim =
number of dimensions in the scale; Corr = correlation between gold standard and scale; Local = location of the DIF; Impact = the
mean of the 0 distribution for the focal group {-1, 0, 1}. The mean of the reference group 6 distribution is always zero. Only non-zero,
positive Sobol MDA values were retained in the table for simplicity.

168



	LIST OF TABLES
	LIST OF FIGURES
	Abstract
	Introduction
	Purpose of the Study

	Chapter 1: Diagnostic Assessment via Psychological Scales
	Psychological Scale Scoring and Latent Trait Estimation
	Classification Strategies
	Compensatory vs. Non-Compensatory Scoring
	Measures of Classification Performance
	Consequences of Misclassification in Research

	Chapter 2: IRT-Based Diagnostic Classification
	Advantages of IRT Scoring
	Graded Response Model (GRM)
	Multidimensional Graded Response Model (MGRM)
	Information Functions
	Model Estimation and Scoring
	Expectation-Maximization Algorithm
	Metropolis-Hastings Robbins-Monro Algorithm
	Latent Trait Estimation Methods

	Differential Item Functioning (DIF)
	DIF Detection

	Differential Test Functioning (DTF)

	Chapter 3: RF-Based Diagnostic Classification
	Decision Trees
	The CART Algorithm

	Random Forests
	Interpretability and Variable Importance Measures


	Chapter 4: Monte Carlo Simulation Study
	Simulation Conditions
	Latent Trait and Diagnostic Score Generation
	Diagnostic Class Generation via Euclidean Distance
	Item Parameter Generation
	Item Response Generation
	DIF Manipulations

	Classification Methods
	IRT-Based Classification
	Random Forest Classification

	Cross Validation
	Train-Test Split Design

	Classification Performance Analysis Plan
	Results

	Discussion
	A Case for Compensatory Classification Rules
	Dimensionality Effects on IRT and RF Classification
	Effects of DIF on IRT- and RF-Based Classifications
	Potential Limitations of the Use of IRT for Diagnostic Classification
	Potential Limitations of the Use of RF for Diagnostic Classification
	Practical Implications
	Methodological Considerations: Notes on the Use of CART for Simulation Analyses
	Limitations and Future Directions

	Conclusion
	References
	Tables
	Figures
	Appendix A

