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Abstract

In cognitive diagnostic assessment, Differential Item Functioning (DIF) detec-
tion constitutes an important technical approach for evaluating test fairness
and measurement validity. However, existing cognitive diagnostic DIF detec-
tion methods are limited to main-effect DIF detection from a single covariate
perspective and lack effective detection means for interaction DIF arising from
the interaction of multiple covariates. To address this limitation, this study
draws upon the core idea of recursive partitioning techniques and proposes a
novel method (denoted as ISRPM) capable of simultaneously detecting both
main-effect DIF and interaction DIF in cognitive diagnostic assessment. Sim-
ulation study results demonstrate that ISRPM not only yields overall perfor-
mance comparable to traditional methods in main-effect DIF detection, but
more importantly, exhibits superior performance in interaction DIF detection
compared to traditional approaches. Empirical studies further substantiate the
method’ s usability, revealing that ISRPM demonstrates high consistency with
traditional DIF detection methods in detection results while showing potential
advantages in identifying interaction DIF. Overall, the proposed ISRPM is ex-
pected to further enhance the accuracy of cognitive diagnostic DIF detection
and facilitate the promotion and application of cognitive diagnostic assessment
in psychological and educational measurement practice.
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Abstract

With the growing recognition of the advantages of cognitive diagnosis (CD)
in psychological and educational measurement, applying the CD framework
to test development has become an important research direction in the field.
In the development of cognitive diagnostic assessments, detecting differential
item functioning (DIF) remains a crucial quality control procedure to ensure
test fairness and validity. However, existing CD-based DIF detection methods
typically focus on a single covariate at a time. While these approaches are ef-
fective for identifying main effect DIF induced by a single covariate, they are
limited in detecting interactive DIF caused by the interaction among multiple
covariates. Such limitations may compromise the fairness and interpretability
of assessment outcomes. To address this issue, the present study integrates CD
modeling with recursive partitioning techniques by proposing a novel DIF detec-
tion method, namely the Item-based Sequential Recursive Partitioning Method
(ISRPM). Building on the core principles of recursive partitioning, the ISRPM
allows the simultaneous consideration of multiple covariates within a single DIF
detection procedure and facilitates the identification of both main effect DIF
and interactive DIF in cognitive diagnostic assessments.

To evaluate the performance of the proposed method, a series of Monte Carlo
simulation studies were conducted focusing on two key objectives: (1) exam-
ining how factors such as sample size per group, DIF magnitude, DIF type,
item quality, correlations among attributes, and the influence of demographic
covariates on attribute mastery distribution affect the performance of ISRPM;
and (2) comparing ISRPM with several existing DIF detection methods across
varied experimental conditions. In addition, to illustrate its practical utility,
ISRPM was applied to a cognitive diagnostic version of the Schizotypal Person-
ality Questionnaire (DC-SPQ) and compared with five established DIF detection
methods.

The results showed that (1) sample size, DIF magnitude, and item quality sub-
stantially influenced the performance of all methods; and (2) when items exhib-
ited interactive DIF, ISRPM achieved higher detection accuracy than the Wald,
LR, FS-Wald, FS-LR, and Mantel-Haenszel (MH) approaches. When only the
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main effect DIF was present, the overall performance of ISRPM was comparable
to that of the existing methods.

These findings suggest that ISRPM provides a flexible and effective framework
for identifying both main effect DIF and interactive DIF in cognitive diagnostic
assessments, thereby contributing to methodological advancements in fairness
evaluation and the broader application of CD-based measurement in psycholog-
ical and educational measurement.

Keywords: cognitive diagnosis assessments, differential item functioning, main
effect DIF, interactive DIF, recursive partitioning

1. Introduction

In today’ s rapidly evolving information society, the rise of cognitive diagno-
sis (CD) has brought significant and substantive transformation to the field of
psychological and educational measurement [?, ?, ?]. Unlike traditional test
scoring systems that focus solely on overall ability levels, cognitive diagnosis
emphasizes revealing individuals’ internal psychological processing mechanisms
and cognitive structures, thereby better achieving the core goal of promoting
individual development through assessment [?]. In psychological assessment,
cognitive diagnosis can be used not only to evaluate individuals’ cognitive func-
tional status but also to accurately identify symptom characteristics, providing
important data support for clinicians to implement precise treatment and early
intervention [?, 7, ?]. In educational measurement, while traditional academic
achievement tests typically evaluate student ability based on total scores or
proficiency levels, cognitive diagnosis focuses more on the learning process it-
self. By precisely locating individuals’ strengths and weaknesses across different
cognitive components, it provides effective references for educators to develop
targeted instructional strategies and knowledge remediation plans [?]. Overall,
against the backdrop of rapid information technology development, cognitive
diagnosis has not only broadened the research perspective of psychological and
educational measurement but also provided effective technical support for im-
plementing personalized instruction and precise psychological treatment.

In recent years, cognitive diagnosis has become a research frontier in psychologi-
cal and educational measurement both domestically and internationally, and
has been widely applied to psychological and educational test development
[?, 7, 7, ?], owing to its unique advantage in providing fine-grained diagnos-
tic information. During the development of cognitive diagnostic assessments,
test developers are particularly concerned about whether measurement results
produce systematic bias against specific groups, thereby placing those groups at
an undue advantage or disadvantage. This issue essentially involves evaluating
test fairness. Within the psychometric framework, concepts closely related to
test fairness primarily include measurement invariance (MI; [?]) and differential
item functioning (DIF; [?]). Measurement invariance refers to the property that
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a test maintains consistent measurement characteristics across different exami-
nee groups (e.g., gender and cultural background). When systematic differences
exist in measurement characteristics across groups, this indicates measurement
noninvariance (MN). When such noninvariance manifests at the item level, it
means the item exhibits DIF. Within the cognitive diagnosis framework, DIF is
typically defined as: under the condition of identical attribute mastery patterns,
examinees from different groups exhibit systematic differences in the probability
of correctly answering the same item [?, ?]. Previous research has shown that the
presence of DIF not only undermines the measurement fairness of cognitive diag-
nostic tests but may also reduce measurement validity [?]. Furthermore, DIF can
lead to biased estimation of item parameters, thereby causing misclassification
of examinees’ attribute mastery patterns and ultimately resulting in potentially
misleading assessment outcomes [?]. Therefore, conducting DIF analysis during
the development and validation stages of cognitive diagnostic tests has become
a widely recognized critical step among psychometric researchers [?, 7, ?]. This
process constitutes an important component of test quality control and a neces-
sary condition for ensuring test fairness and measurement validity.

Currently, researchers have proposed various DIF detection methods applica-
ble to cognitive diagnostic assessments, which can be broadly categorized into
parametric and nonparametric approaches. Nonparametric methods have the
advantages of low sample size requirements, straightforward and intuitive oper-
ation, and ease of understanding; however, their detection accuracy is generally
lower compared to parametric methods. Representative methods of this type
include the Mantel-Haenszel procedure and SIBTEST developed by [?]. Para-
metric methods require estimation of specific cognitive diagnosis model param-
eters. Although relatively complex to implement and computationally costly,
they demonstrate superior accuracy in DIF detection results. Typical paramet-
ric methods include the Wald test [?, ?, ?], logistic regression [?], and likelihood
ratio test [?]. Notably, the detection performance of these parametric methods
has been fully validated in simulation studies, providing reliable theoretical and
technical support for DIF analysis in cognitive diagnostic tests. Given the pre-
cision advantages of parametric methods in DIF detection, they have received
more attention in recent years compared to nonparametric methods. Therefore,
this study focuses on the development of parametric cognitive diagnosis DIF
detection methods.

Despite the generally good performance of existing cognitive diagnosis DIF de-
tection methods, they still have certain limitations. Specifically, these methods
typically can only independently evaluate whether a single covariate induces
DIF, without fully considering that interactions among multiple covariates may
also lead to DIF. For example, the interaction between gender and household
registration may affect examinees’ response patterns on specific items, thereby
causing DIF. To clearly distinguish DIF caused by interactions among multiple
covariates from DIF caused solely by a single covariate, this study defines the
former as “interactive DIF”and the latter as “main effect DIF.” Previous research
has shown that interactive DIF may be prevalent in psychological and educa-
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tional tests, further increasing the complexity of measurement bias sources. For
instance, [?] found that measurement bias caused by interactions among covari-
ates was evident in psychological tests assessing adolescent delinquent behavior.
Similarly, [?] discovered in intelligence structure tests that DIF in certain items
might stem from the interaction between gender and age. Therefore, we have
reason to speculate that interactive DIF is also likely to exist in cognitive diag-
nostic tests and may adversely affect test fairness and measurement validity.

In recent years, numerous researchers have emphasized the importance and
theoretical-practical value of interactive DIF detection in test quality analy-
sis [?, ?, ?]. First, interactive DIF detection helps more comprehensively reveal
the complex sources that cause test functioning differences [?], thereby provid-
ing test developers with more valuable references for item revision. [?] pointed
out in their research that individual identity is the result of the intersection
of multiple demographic characteristics. This perspective suggests that when
exploring measurement bias, in addition to considering the main effects of sin-
gle demographic variables, potential interactions among variables should also
be taken into account. Based on this understanding, compared to main effect
DIF detection from a single covariate perspective, conducting interactive DIF
detection helps identify more potential sources of measurement bias, thereby
providing test developers with more precise and targeted item revision bases.
Second, the concealed nature of interactive DIF makes its detection particularly
necessary. Compared to main effect DIF, interactive DIF is more difficult for
traditional methods to identify. This is primarily because traditional DIF de-
tection methods typically assume independence among different demographic
variables, so they can only identify DIF forms caused by a single covariate and
have difficulty revealing measurement bias caused by interactions among multi-
ple covariates. During test development, researchers often pre-assume possible
sources of measurement bias based on single demographic variables (e.g., gender,
ethnicity) while neglecting the impact of variable interactions on test fairness.
This neglect may lead to some measurement bias being overlooked, thereby
affecting test fairness. In view of this, accurately identifying interactive DIF
helps further enhance the fairness of cognitive diagnostic assessment results. Fi-
nally, the identification of interactive DIF is also valuable for further improving
measurement validity. The presence of interactive DIF not only may affect ex-
aminees’ performance on specific items but also may hinder accurate estimation
of their attribute mastery patterns. If DIF caused by interactions among covari-
ates is not identified, the quality of cognitive diagnostic assessment results will
be compromised. In summary, interactive DIF detection is valuable for com-
prehensively revealing sources of measurement bias, safeguarding test fairness,
and improving measurement validity. However, existing cognitive diagnosis DIF
detection methods still have obvious deficiencies in identifying interactive DIF,
which poses a challenge to the effective assurance of test fairness and measure-
ment validity. Therefore, developing a method that can simultaneously identify
both main effect DIF and interactive DIF within the cognitive diagnosis frame-
work not only helps improve the theory and methodology of cognitive diagnosis
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DIF detection but also holds important value for promoting the reasonable ap-
plication of cognitive diagnostic assessments in practice. Based on this research
need, this study aims to propose a method that can simultaneously identify
main effect DIF and interactive DIF, thereby providing more comprehensive
technical support for fairness evaluation in cognitive diagnostic tests.

With the continuous development of modern data processing technology, data
mining (DM) techniques have been widely applied in psychological and educa-
tional measurement. [?] pointed out that when conducting DIF analysis, the
process of identifying covariates that cause DIF is highly similar to variable se-
lection in regression modeling. This provides a theoretical basis for introducing
variable selection methods into DIF detection and offers new ideas for improving
and innovating DIF detection methods. Compared with traditional DIF detec-
tion methods, DM techniques have advantages such as high efficiency, strong
flexibility, and the ability to handle multiple covariates simultaneously, show-
ing great potential for application in identifying complex DIF forms [?]. Based
on the application potential of variable selection methods in DIF detection,
researchers have begun to combine item response theory (IRT) with variable
selection techniques to develop a series of new methods capable of identifying
complex DIF forms (e.g., [?, ?, ?]), providing important methodological refer-
ences for conducting interactive DIF detection in cognitive diagnostic contexts.
Among these, recursive partitioning (RP) is the most representative variable
selection technique in this category.

The basic principle of this technique is to recursively divide the feature space
covered by predictor variables into several subregions and fit a relatively simple
model within each region [?]. Through continuous data partitioning and mod-
eling, RP methods can intuitively reveal the relationship between covariates’
main effects and their interactions and test item parameters, thereby provid-
ing effective technical support for exploring complex sources of measurement
bias. According to [?], [?], and [?], the advantages of RP technology in DIF
analysis are specifically reflected in three aspects: (1) It breaks through the
limitation of traditional methods that require artificially dividing focal and ref-
erence groups before analysis, and can automatically identify optimal covariate
grouping criteria in a data-driven manner, thereby reducing the risk of poten-
tial DIF being missed due to improper group settings. (2) Traditional methods
typically have difficulty examining interactions among covariates, thus having
significant limitations in interactive DIF detection; in contrast, RP technology
can not only reveal complex interactions among multiple covariates but also
further evaluate their impact on measurement bias, thereby helping to improve
the detection accuracy of interactive DIF. (3) RP technology can flexibly handle
various types of covariates, including continuous, multicategorical, ordinal, and
dichotomous variables, thereby broadening the applicability of DIF detection
methods. In summary, RP technology, with its flexible, intuitive, and robust
characteristics, provides an effective framework for DIF detection and demon-
strates unique advantages in handling complex situations involving interactions
among covariates.
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To date, the development of DIF detection methods based on RP technology
has mainly been carried out within the item response theory (IRT) framework.
Such methods can be roughly divided into two categories: global-level RP meth-
ods and item-level RP methods. Global-level methods judge whether the main
effects of single covariates and interactions among multiple covariates cause
measurement bias by testing parameter instability across the space covered by
covariates. However, such methods can only identify covariates that cause DIF
but cannot further determine which specific items exhibit DIF. In existing re-
search, Rasch Trees [?] and polytomous Rasch Trees [?] have become typical
representatives of this category. Compared with global-level methods, item-
level RP methods can not only identify covariates that induce DIF but also
locate specific DIF items, thus demonstrating higher flexibility and practicality
in DIF detection. Typical representatives of this category include item-focused
trees (IFT) based on the Rasch model [?] and item-focused trees based on the
partial credit model (PCM-IFT; [?]). Currently, item-level RP methods have
received more attention due to their dual advantages in identifying covariates
and locating DIF items. This is specifically reflected in: such methods can
simultaneously handle multiple covariates in a single analysis [?] and further
explore at the item level whether interactions among these covariates induce
differential functioning.

Although existing research has confirmed that RP technology has great research
potential and application value in main effect DIF and interactive DIF detection,
current research work has only verified its effectiveness in DIF detection within
the IRT framework. More importantly, there are currently no published stud-
ies that systematically explore interactive DIF detection in cognitive diagnostic
tests. Notably, IRT and cognitive diagnostic theory have obvious differences in
model assumptions, measurement objectives, and data analysis methods, which
poses new challenges for directly applying RP technology to cognitive diagnos-
tic contexts. Therefore, how to extend RP technology to main effect DIF and
interactive DIF detection in cognitive diagnostic assessments and verify whether
it can maintain existing detection accuracy and applicability in cognitive diag-
nostic assessments remains an important issue to be explored. Based on this,
this study develops and validates a new DIF detection method applicable to
cognitive diagnostic tests by drawing on the core ideas of RP technology. This
method aims to provide effective technical support for identifying main effect
DIF and interactive DIF in cognitive diagnostic assessments, thereby further
improving the test fairness evaluation system of cognitive diagnosis and ulti-
mately promoting the in-depth application of cognitive diagnosis technology in
psychological and educational measurement.
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2. Development of the Item-Based Sequential Recursive Partitioning
Method (ISRPM)

The main purpose of this paper is to develop a novel method for detecting
main effect DIF and interactive DIF within the cognitive diagnosis framework,
namely the Item-based Sequential Recursive Partitioning Method (ISRPM).
This method combines recursive partitioning technology with cognitive diagno-
sis models, treating DIF test statistics constructed based on model parameter
estimation as criteria for covariate splitting. By comparing the splitting effects
of different covariate splitting schemes to identify the optimal splitting method,
it generates a recursive partitioning tree for each item that can reflect its DIF
manifestation pattern. Specifically, ISRPM compares the statistics correspond-
ing to potential splitting schemes of candidate covariates at each level of the
tree, selects the covariate and splitting point that maximize between-group dif-
ferences in item parameters, and recursively partitions the examinee sample and
expands the tree structure level by level, ultimately revealing which covariates
and in what manner may induce DIF. The following first briefly introduces the
cognitive diagnosis model adopted in this study and its DIF definition, then
elaborates on the operational steps and theoretical foundation of ISRPM.

2.1 The Generalized DINA (G-DINA) Model Within the cognitive diag-
nosis framework, cognitive diagnosis models (CDMs) are a class of psychometric
models that fully integrate cognitive variables. As a core technical component
of cognitive diagnostic assessment, the quality of CDMs directly determines the
validity of cognitive diagnostic results [?]. Currently, researchers have developed
various CDMs with good diagnostic performance that can be applied to different
test situations and theoretical assumptions. This study adopts the generalized
deterministic input, noisy “and” gate (G-DINA) model. This model, proposed
by [?], is a generalized psychometric model that extends the deterministic input,
noisy “and” gate (DINA) model.

In the G-DINA model, after examinee ¢ completes item j, they are classified into
2K categories, where K ; 1s the number of attributes measured by item j. To fa-
cilitate the introduction of its mathematical expression, we can assume that the
first K7 attributes are those required to correctly answer item j, and let a, rep-
resent the v-th examinee attribute mastery pattern, where v = 1, ..., 2%i. Then,
within the G-DINA model framework, the conditional probability of examinee
1 correctly answering item j can be expressed as:

Kj-1 K K;
Py =PX;;=1|w) go"‘z Ot Z Okt Qige iy T 012 xe H i)
k=1

=1 k'=k+1

where f(-) is a link function. Depending on the link function adopted, the G-
DINA model has different representations. Three commonly used link functions
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are identity, log, and logit link functions; d,, is the intercept term for item j,
representing the probability of correctly answering item j when the examinee
has not mastered all measured attributes (this value is generally nonnegative);
d;5 is the main effect of attribute k on item j, generally nonnegative, where
a larger value indicates greater contribution of mastering this attribute to cor-
rectly answering item j; o, represents examinee ¢° s mastery status of attribute
k in the v-th attribute mastery pattern (1 if mastered, 0 otherwise); d;4; is
the interaction effect between attributes k& and & on item j; and d;15 K 18

the interaction effect among all attributes measured by item j. It is important
to emphasize that to maintain consistency with previous similar studies (e.g.,
[?, 7, ?]), this study adopts the identity link function.

2.2 DIF Definition Under the G-DINA Model Unlike DIF detection
within the IRT framework, DIF in CDMs needs to be redefined. This is because
CDMs provide examinees’ mastery status on discrete attributes rather than
locating examinees on a continuous latent trait continuum. According to [?],
DIF within the G-DINA model framework can be expressed as:

Aj'u = PjF(aq)) - PjR(av>
where P;p(c,) and Pjgp(a,) represent the probabilities of correctly answering
item j for examinees with attribute mastery pattern «, in the focal group (F
group) and reference group (R group), respectively; A jv = 0 indicates that item
j does not exhibit DIF, otherwise, DIF exists.

2.3 Development of ISRPM: Basic Principles and Detection Steps
This section details the operational procedure and key technical aspects of IS-
RPM. ISRPM fully integrates recursive partitioning technology with the G-
DINA model, achieving identification of main effect DIF and interactive DIF
through recursive partitioning of covariates.

The basic idea is as follows: For each item, given a set of candidate covari-
ates, ISRPM first identifies all possible splitting points for each covariate and
partitions the examinee response data into several subsamples (e.g., response
datasets for different genders) based on these splitting points. Subsequently, the
G-DINA model is fitted and model parameters are estimated separately within
each subsample. Next, the obtained parameters are substituted into a prespeci-
fied splitting criterion (i.e., DIF test statistic) for calculation, and the splitting
scheme (i.e., covariate and its splitting point) corresponding to the maximum
statistic value is identified as the first optimal splitting variable and its splitting
point, based on which the initial partition is executed. After completing the
first-round partition, ISRPM repeats the above process in the newly generated
subsamples, sequentially determining the optimal splitting scheme at each level
and executing data partitioning until preset variable search termination rules
are met. Ultimately, ISRPM generates a recursive partitioning tree diagram for
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each item identified as exhibiting DIF, visually displaying on which covariates
and in what manner the item shows DIF. The following uses a single item j
as an example to FHANEA [SRPM’ s main operational steps and key technical
details.

Step 1: Identify Covariates of Interest and Their Potential Splitting
Points

Before conducting cognitive diagnosis DIF detection, it is first necessary to
specify all covariates of interest and their potential splitting points. The goal of
ISRPM is to build a recursive partitioning tree for each item exhibiting differen-
tial functioning, where the root node includes all covariates of interest and their
variable levels. These variable levels together constitute the complete feature
space covered by the covariates, while child nodes correspond to subsets of this
feature space. From the perspective of examinee grouping logic, this structure
of gradually subdividing the feature space is consistent with the idea of grouping
examinees based on covariate levels in traditional DIF detection. In traditional
DIF detection, researchers partition examinees into focal and reference groups
based on each covariate of interest and its levels. Typically, numbers 1 and 2
represent the focal and reference groups, respectively, corresponding to different
feature levels of the same demographic characteristic. Let x = (24, Zg, ..., T,;,)
denote m covariates related to examinees, with each covariate containing two
levels. For a dichotomous covariate z,,, two corresponding subsets A, and A,
can be defined based on its two levels, expressed as A; U Ay = A, where A rep-
resents the entire feature space jointly covered by all covariates, corresponding
to the focal and reference groups defined by covariate z,,. Since this variable
contains only two levels, it has one and only one potential splitting point.

Step 2: Search for the First Optimal Splitting Covariate Based on
Selected Covariate Splitting Criteria

After identifying covariates of interest and their potential splitting points, IS-
RPM needs to estimate parameters for the grouped datasets corresponding to
each potential splitting scheme. To ensure reliable estimation results, this study
adopts the widely validated G-DINA model to complete this estimation process.
After obtaining parameter estimates, the key task is to determine appropriate
covariate splitting criteria to search for the first optimal splitting covariate and
thereby judge whether the current item exhibits DIF on that variable. Accord-
ing to [?], commonly used splitting criteria in recursive partitioning frameworks
mainly include two categories: (1) splits based on impurity measures, such as
Gini Index or Shannon Entropy; and (2) splits based on test statistics, such as
the log-likelihood test statistic. The former achieves partitioning by measuring
the homogeneity of samples within nodes, while the latter conducts statistical
tests on parameter differences to determine whether further node splitting is
needed based on between-group differences. In the context of parametric cogni-
tive diagnosis DIF detection, splitting based on test statistics better aligns with
the research objectives; therefore, this study adopts this type of method as the
covariate splitting criterion for ISRPM.
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When searching for the first optimal splitting covariate, ISRPM generates can-
didate child nodes for all potential splitting points of each candidate covariate
Z,,- These nodes constitute the left and right potential child nodes of the first
level of the recursive partitioning tree. Based on all feature levels of covariate
x,,, the datasets for the focal and reference groups defined by its potential split-
ting points can be obtained, and the G-DINA model is fitted on each group to
estimate the corresponding item parameters according to Equation (4):

5j,n0de = Z I(Xz‘ € Ag) ! Sj,g

g€{l,r}

where node represents the G-DINA model item parameter values for item j
under different child nodes in the recursive partitioning tree; I(-) is an indicator
function that equals 1 if condition d is satisfied, otherwise 0; subscripts [ and r
are abbreviations for the English words “left”and “right,”respectively; A; and A,
represent the focal and reference groups defined by the covariate; gjO,l represents
the intercept parameter corresponding to the left child node established based
on covariate x,, (i.e., 4;), which can also be regarded as the intercept parameter
for the focal group defined by z,, on the current item, with the rest interpreted
analogously.

After obtaining the grouped item parameter estimates for the current item un-
der each candidate covariate x,,, it is necessary to further calculate the DIF
test statistic corresponding to each potential splitting point for each covariate.
Generally, any test statistic that has been validated as effective in cognitive
diagnosis DIF detection research can be adopted. Previous studies have found
that, within the cognitive diagnosis framework, Wald statistic-based detection
methods demonstrate superior performance in controlling Type I error rates and
statistical power compared to MH, SIBTEST, and likelihood ratio test methods
[?]. Therefore, this study selects the Wald statistic as the covariate splitting
criterion. The Wald statistic follows a chi-square distribution, and its mathe-
matical expression is:

W=(6;p— 6j,F)/(ij,R + ij,F)_1<6j,R - Sj,F)

where & j.r and 5 ;,p represent the item parameter estimate vectors for the refer-
ence group (R) and focal group (F) under the G-DINA model framework for item
J, respectively; ) j,r and ) ;7 are the sampling variance-covariance matrices cor-
responding to the item parameter estimates for the reference and focal groups
on item j. Notably, before using the Wald statistic for DIF detection, item pu-
rification is typically implemented to place parameters from different groups on
the same scale, thereby ensuring comparability of item parameters across groups
[?]. However, this study does not conduct item purification, primarily for three
reasons: First, from the perspective of measurement scale consistency, unlike
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IRT models based on continuous latent traits, model parameters in the cogni-
tive diagnosis framework are naturally on the same scale, thus having lower de-
pendence on item purification. Specifically, the G-DINA model adopted in this
study measures examinees’ mastery of discrete attributes rather than continuous
ability levels, so no additional parameter scale adjustment is needed [?]. Sec-
ond, from the perspective of purification procedure applicability, although item
purification helps improve DIF detection accuracy, it faces multiple challenges
in practice: (1) The purification process involves multiple rounds of parameter
estimation and DIF statistic calculation and requires dynamic adjustment of
the anchor set, leading to increased computational complexity and cumbersome
procedures [?]; (2) Item purification cannot completely ensure that the anchor
set contains no DIF items [?]; (3) When tests contain multiple DIF items, the
purification process may be disturbed by “masking effects” and “swamping ef-
fects,” thereby weakening the accuracy of anchor set construction [?, ?]. Finally,
from the perspective of internationally published literature, the vast majority
of studies do not adopt item purification procedures when using Wald tests for
cognitive diagnosis DIF detection (e.g., [?, 7, 7, 7, ?]). To maintain consistency
with previous research, this study also does not conduct item purification.

After calculating the Wald statistics for all candidate covariates and their poten-
tial splitting points, ISRPM ranks the covariates in descending order based on
the statistical values and treats the covariate corresponding to the maximum
value as the first optimal splitting covariate. For convenience in subsequent
steps, this step assumes that the first optimal splitting covariate is the first
covariate among all covariates, denoted as x;. Based on the optimal splitting
point identified from covariate x;, the examinee sample can be partitioned into
two subsets: A; and A,., which correspond to the left and right child nodes of
the first level of the recursive partitioning tree. It should be noted that once
the first optimal splitting covariate is determined, the DIF detection process
for item j on this covariate is considered complete. Therefore, in subsequent
covariate search and partitioning processes, variable x; will be removed from
the candidate covariate set to avoid redundant splitting or variable redundancy.

Step 3: Recursively Search for Optimal Splitting Covariates and Their
Optimal Splitting Points Among Remaining Covariates

After determining the first optimal splitting covariate, ISRPM does not termi-
nate DIF detection for item j but continues to perform recursive partitioning
on the response data based on the two generated child nodes (i.e., A; and A,)
to gradually expand the hierarchical structure of the recursive partitioning tree.
At this stage, ISRPM continuously searches for optimal splitting covariates
and their optimal splitting points for subsequent levels among the remaining
covariates. Specifically, this recursive search process includes the following com-
ponents:

First, based on the optimal splitting point of the optimal splitting covariate
obtained in the previous step, ISRPM partitions the examinee sample into two
parts corresponding to the two feature levels defined by this splitting point.
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Subsequently, these two levels are fully crossed with the potential splitting points
(or levels) of the remaining covariates to generate new feature level combinations.
For example, when covariate x; has been identified as the first optimal splitting
covariate, its two levels will be crossed with the two feature levels of a remaining
covariate (e.g., ©,) to form four new level combinations.

Second, ISRPM redefines the focal and reference groups based on these newly
generated feature combinations. For example, on the basis of the right child
node A, established in Step 2, after crossing it with the two feature levels of
covariate x5, two new feature combinations are obtained: A,NA,; and A,NA, ,.
The former can be regarded as the new focal group, while the latter serves as
the new reference group, both of which are used for subsequent model fitting
and DIF test statistic calculation.

Next, ISRPM selects the covariate and its corresponding splitting point with
the largest Wald statistic as the optimal splitting scheme for the current level by
comparing the Wald statistics corresponding to each candidate splitting scheme.
For example, if the calculation results show that the Wald statistic is largest
for the crossing combinations between the right child node established in Step
2 (i.e., A,) and all levels of covariate x5, ISRPM will further generate two new
child nodes under this node, denoted as A, ; and A, ,. As the partitioning
tree structure further expands, ISRPM updates Equation (4) based on the new
splitting level to obtain Equation (6) below:

5j,new node — Z I(Xi € Aparent,g N Am,g) ' 5j,g
ge{l,r}

where A . 1ode TePresents the newly established child node; gjO,new node T€pre-
sents the intercept parameter corresponding to the newly established child node,
with the rest interpreted analogously.

Step 4: Repeat Steps 2 to 3 Until Splitting Termination Rules Are
Met

During the process of repeatedly searching for optimal splitting covariates and
their splitting points through Steps 2 and 3, ISRPM performs multiple rounds
of partitioning on the response data. As the splitting level deepens, the sample
size allocated to each subsequent child node gradually decreases. To ensure that
each child node has a sufficient sample size, thereby guaranteeing the accuracy
of parameter estimation and the validity of DIF detection results as much as
possible, this study sets the following two types of splitting termination rules
for ISRPM: (1) No more covariates are available in the covariate search space
for recursive partitioning; (2) The sample size of any child node falls below
a preset minimum threshold (set at 100 in this study). When either of the
above conditions is met, ISRPM immediately terminates the covariate search
and recursive partitioning process for the current item.
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Step 5: Terminate DIF Detection and Output Recursive Partitioning
Tree Diagram Displaying the Current Item’ s DIF Pattern

When the search for optimal splitting covariates and splitting points meets the
termination conditions, ISRPM immediately stops DIF detection for the current
item and decides whether to output the recursive partitioning tree diagram
based on the final detection results. Specifically, for a single item, there are
only two possible DIF detection outcomes: (1) If no substantively meaningful
covariate splitting occurs during the variable search process (i.e., the p-value
corresponding to the Wald statistic is higher than the preset significance level),
the item is determined to have no DIF, and no recursive partitioning tree needs
to be generated; (2) If at least one covariate splitting is substantively meaningful
(i.e., the p-value corresponding to the Wald statistic does not exceed the preset
significance level), the item is determined to exhibit DIF, and ISRPM outputs
the corresponding recursive partitioning tree structure diagram, which visually
displays on which covariates and in what manner the item shows DIF.

[Figure 1: see original paper] shows schematic diagrams of recursive partitioning
trees for different items under conditions with two dichotomous covariates. To
facilitate understanding of the information in the figure, several points need to
be clarified: (a) Each child node displays the estimated G-DINA model item
parameters for different groups; (b) Arrow types reflect whether the Wald statis-
tic reaches the preset significance level, where solid arrows indicate significance
and dashed arrows indicate nonsignificance; (c) Arrow types are also used to
identify whether the current item exhibits DIF on the corresponding covariate,
with solid arrows indicating DIF presence and dashed arrows indicating DIF ab-
sence. Overall, the four items in Figure 1 present three different DIF patterns.
Item 1 shows main effect DIF only on variable z,, specifically manifested as
solid arrows appearing only on all child nodes at the first level of the recursive
partitioning tree. Item 2 exhibits a special DIF pattern: First, if the difference
between A, ; and A4, , is roughly equivalent to the difference between A, ; and
A, o, it indicates that the item shows only main effect DIF on the two covariates
without interactive DIF; however, when these two differences are significantly
unequal, it indicates that Item 2 exhibits both main effect DIF and interactive
DIF on the two covariates simultaneously. Item 3 exhibits only interactive DIF,
mainly reflected as: dashed arrows appear only on the first-level child nodes of
the recursive partitioning tree structure, while solid arrows appear on all second-
level child nodes, indicating that DIF can only be identified after crossing all
levels of the two covariates. In Item 4, solid arrows appear on all first-level child
nodes and the left half of the second-level child nodes of the recursive partition-
ing tree, while the right half of the second level shows dashed arrows, indicating
that the item exhibits both main effect DIF and interactive DIF simultaneously.

2.4 Type I Error Control When conducting DIF detection based on mul-
tiple covariates, ISRPM inevitably involves multiple testing problems. In sta-
tistical literature, an important concept is the familywise error rate (FWER).
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According to [?], FWER refers to the probability of at least one erroneous rejec-
tion when simultaneously testing a set of null hypotheses. Within the method-
ological framework of ISRPM, this means: for the same item, when hypothesis
testing is conducted simultaneously on multiple covariates, as long as one er-
roneous rejection occurs, the item can be considered to have been incorrectly
determined as exhibiting DIF, that is, a Type I error has occurred. To effectively
control the FWER of ISRPM during the DIF detection process at a given global
significance level, this study follows the recommendation of [?] by adopting a
more stringent significance level for each individual test, that is, adjusting the
local significance level through the overall significance level to maintain overall
Type I error control.

Specifically, this study employs the Bonferroni adjustment method to achieve
Type 1 error control. This method obtains the local significance level corre-
sponding to each covariate by dividing the overall significance level « (set at
0.05 in this study) by the number of hypothesis tests performed simultaneously.
According to recommendations from [?], [?], and [?], for a single item, when
simultaneously detecting potential DIF across multiple covariates, the overall
significance level should be proportionally adjusted according to the number of
covariates to counteract the increased false positive probability caused by mul-
tiple testing, thereby ensuring that the probability of incorrectly classifying a
DIF-free item as DIF does not exceed . Based on the Bonferroni adjustment
method, the local significance level for ISRPM can be calculated according to
the following formula:

«
Mocal = E

where « refers to the overall significance level, set at @ = 0.05 in this study, and
m refers to the number of covariates on which DIF detection is performed.

3. Simulation Study

3.1 Experimental Design The main purpose of this simulation study is to
evaluate the performance of the proposed ISRPM method on commonly used
DIF detection performance metrics under various experimental conditions and
to compare it with several widely used cognitive diagnosis DIF detection meth-
ods internationally. Referencing the research design of [?], this simulation study
sets the following eight manipulated variables: (1) sample size per group (three
levels: 500, 1000, and 2000); (2) DIF magnitude (two levels: 0.05 and 0.1,
representing small and large DIF, respectively); (3) DIF pattern (three levels:
main effect DIF only, interactive DIF only, and both main effect DIF and in-
teractive DIF); (4) item quality (two levels: high quality and medium quality,
where parameters P(a, = 0) and 1 — P(«,, = 1) for high-quality items are
randomly drawn from a uniform distribution U(0.05,0.15), while corresponding
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parameters for medium-quality items are drawn from U(0.15,0.25)); (5) DIF
detection method (six levels: ISRPM, Wald, LR, Wald-FS, LR-FS, and MH);
(6) attribute mastery pattern distribution (two levels: uniform distribution and
multivariate normal distribution); (7) correlation among attributes (two levels:
0 and 0.3, representing zero correlation and moderate correlation, respectively);
and (8) whether demographic covariates influence the attribute mastery pattern
distribution (two levels: influence and no influence). It should be noted that
when attribute mastery patterns follow a uniform distribution, it is not possible
to directly manipulate the correlation among attributes or the influence of demo-
graphic covariates on the attribute mastery pattern distribution. Therefore, the
manipulation of these two factors is only implemented under the condition that
attribute mastery patterns follow a multivariate normal distribution. Specifi-
cally, when demographic covariates have no influence on the attribute mastery
pattern distribution of the focal and reference groups, both groups’ attribute
mastery patterns are drawn from a multivariate normal distribution MV N (0, );
under the influence condition, the focal group’ s attribute mastery patterns are
drawn from MV N (0, ), while the reference group’ s attribute mastery patterns
are drawn from MV N (0.5, ).

After fully crossing the above eight manipulated factors, this study initially ob-
tained 3 X 2 x 3 X 2 X 6 X 2 X 2 X 2 = 1728 experimental conditions. Since
the condition of uniform attribute mastery pattern distribution could not be
effectively combined with two of the manipulated factors (namely, correlation
among attributes and whether demographic covariates influence attribute mas-
tery pattern distribution), 648 invalid combinations related to these factors
were eliminated, leaving 1080 valid simulation conditions. During the experi-
ment, each condition was simulated 100 times. All simulation experiments were
implemented in the R environment [?]. Additionally, this study set the follow-
ing fixed conditions: (1) number of cognitive attributes, fixed at 5 following [?];
(2) test length, fixed at 30 items, which is common in cognitive diagnosis DIF
detection research [?, 7, 7, ?]; (3) number of attributes measured by a single
item, limited to a maximum of 3 attributes per item following [?, ?]; (4) DIF
item proportion, fixed at 20% of total test length following [?], meaning 6 DIF
items out of 30; (5) test Q-matrix, using the widely adopted 30-item Q-matrix
from previous research [?, ?, ?], which includes 5 cognitive attributes and em-
ploys a balanced design where each attribute is measured by an equal number
of items, and the numbers of items measuring 1, 2, and 3 attributes are also
equal; (6) DIF item positions, following the practice of [?], items 6, 9, 12, 14,
24, and 25 were designated as DIF items across all experimental conditions; (7)
number of covariates of interest, set at 2 following [?] and [?], denoted as z;
and z,, with each covariate containing two levels.

3.2 Simulation of Response Data with Different DIF Patterns
and DIF Detection This study conducted simulation of response
data with different DIF patterns and DIF detection in the R environ-
ment [?]. All code is available through the online OSF platform (link:

chinarxiv.org/items/chinaxiv-202512.00054 Machine Translation


https://chinarxiv.org/items/chinaxiv-202512.00054

ChinaRxiv [$X]

https://osf.io/Tykqj/?view_ {only }=e873ab9c2d2¢408385a90e945952{296).

The specific operational steps are as follows: (1) Use the simGDINA function in
the GDINA package [?] to generate examinee parameters and item parameters
for the reference group, and simulate the reference group’ s response data
based on these. (2) Manipulate DIF and generate response data for the focal
group. First, based on the correct response probabilities of the reference group
examinees on each item P;p(a,), calculate the correct response probabilities for
the focal group examinees on the same items P;p(a,,) according to different DIF
magnitudes. In this study, the calculation methods for P;p(a,) differ across
different DIF patterns, as detailed in Table 1. Then, use the obtained P;p(c,)
to simulate the focal group examinees’ response data. (3) After generating
response data for both groups, apply the six DIF detection methods considered
in this study (ISRPM, Wald, LR, Wald-FS, LR-FS, and MH) to conduct DIF
detection and output corresponding results. It should be noted that none of
the detection methods in this study implemented item purification procedures.

Table 1 DIF Simulation Methods Under Different DIF Patterns

DIF Pattern Calculation Method for P;p(a,)

Main effect Pip(a,) = Pjp(a,) + 2

DIF only

Interactive Pip(a,) = Pip(a,) + 2 I(z) # 5)
DIF only

Both main Pip(a,) = Pig(ay,) + 2+ 2 I(x) # x5)
effect and

interactive
DIF

Note: z represents DIF magnitude, taking values of 0.05 and 0.1 in this study,
representing small and large DIF, respectively.

3.3 Evaluation Metrics Previous cognitive diagnosis DIF studies have com-
monly used true positive rate (TPR) and false positive rate (FPR) to evaluate
DIF detection method performance. TPR is equivalent to statistical power, i.e.,
the proportion of DIF items correctly identified; FPR is equivalent to Type I
error rate, i.e., the proportion of DIF-free items incorrectly identified as DIF.
However, calculating these two metrics only at the item level may not fully reflect
the DIF detection performance of the proposed method or allow for reasonable
comparison with traditional methods. This is because previous studies typi-
cally only considered DIF caused by a single covariate, where TPR and FPR
could only evaluate detection performance on a single covariate. In contrast,
this study further considers situations where multiple covariates simultaneously
cause DIF. In this context, evaluating detection method performance should not
only focus on whether DIF items can be correctly identified but also examine
whether the method can further accurately locate the specific covariates causing
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DIF after identifying DIF items. Therefore, in addition to calculating TPR and
FPR at the item level, this study also calculates these metrics at the combined
item-covariate level to more comprehensively evaluate the overall performance
of DIF detection methods.

Let DIF; = (DIF;;, DIFy, ..., DIF},,) represent the DIF detection result vec-
tor for item j on m covariates, where DIF}, = 1 indicates that item j has
DIF on covariate m, while DIF};,, = 0 indicates no DIF. If any element in vec-
tor DIF; is 1, then item j is a DIF item; if all elements in the vector are 0,
ie., DIF; = 0, then item j is a DIF-free item. Based on this, the calculation

methods for each evaluation metric are as follows:
(1) Ttem-level TPR, denoted as TPR;:
J detected true
PR, — Zj:l I(DIFj +0] DIF; +0)
I — J ru
>, I(DIF}™ #0)

(2) Ttem-level FPR, denoted as FPR;:

— Z;]ZI [(DIF?ctcctod 7& 0 | DIF;ruC _ O)
’_ Y/ I(DIF'™ = 0)
j=1 J

(3) Combined item-covariate level TPR, denoted as TPR:
ZJ ZM I(DIFdetected =1 | DJ Ftrue — 1)
j=1 £~m=1 Jjm - jm T

TPRIC = 7 M
S S I(DIFGe =1)

(4) Combined item-covariate level FPR, denoted as FPR:
J M I DIFdetected =1 DIFtrue =0
Zj:l Emzl ( jm - I jm )
J M rue
> S I(DIFe =0)

FPR,, =

In the above formulas, I(d) represents the indicator function, which equals 1 if
condition d is satisfied, otherwise 0.

3.4 Experimental Results Due to space limitations, the main text only
reports the overall performance of each cognitive diagnosis DIF detection
method in terms of statistical power and Type I error rate under different
experimental conditions when attribute mastery patterns follow a uniform
distribution. The relevant results are shown in Figure 2 [Figure 2: see
original paper] and Figure 3 [Figure 3: see original paper]|; the complete
numerical results are listed in Appendix Tables 1 and 2 . Furthermore,
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when attribute mastery pattern distribution follows a multivariate nor-
mal distribution, the statistical power and Type I error rate results of
each detection method under different experimental conditions are uni-
formly presented in Appendix Tables S1 through S8 in the online appendix
(https://ost.io/Tykqj/?view_ {only }=e873ab9c2d2c408385a90e945952{296).

Overall, ISRPM demonstrates acceptable detection performance under most
experimental conditions and outperforms the existing Wald, LR, FS-Wald,
FS-LR, and MH methods. The following sections further analyze the effects of
different manipulated variables on statistical power and Type I error rate.

3.4.1 Statistical Power Figure 2 shows the statistical power results of each
cognitive diagnosis DIF detection method at the item level and the combined
item-covariate level under different experimental conditions. However, when an
item’ s DIF is jointly caused by main effects and/or interactions of multiple
covariates, relying solely on the item-level TPR; metric may not fully reflect
a method” s detection capability. Specifically, the TPR; metric only measures
whether a detection method can correctly identify DIF items without further
considering which covariates cause these DIF effects. In other words, even if a
method only identifies partial sources of DIF, TPR; will still consider it a correct
identification, potentially overestimating the method’ s detection performance
to some extent. In contrast, the TPR;~ metric not only examines whether DIF
items are correctly identified but also further evaluates whether the detection
method can accurately locate the covariates that induce DIF. Therefore, TPR;~
provides a more detailed evaluation perspective and better reflects detection
method performance in multi-covariate DIF contexts.

The results in Figure 2 show that when interactive DIF exists in the test, IS-
RPM’ s statistical power outperforms the existing Wald, LR, FS-Wald, FS-LR,
and MH methods under most conditions. As sample size per group increases, the
statistical power of all methods improves significantly, indicating that sample
size is an important factor affecting DIF detection performance. When sample
size per group is 2000, ISRPM’ s overall performance in statistical power is su-
perior to the other five traditional methods, especially under conditions where
only interactive DIF exists. However, under the condition of 500 examinees
per group, ISRPM’ s statistical power is somewhat limited. Specifically, un-
der this sample size condition, when the test contains only main effect DIF or
both main effect DIF and interactive DIF, although all methods have relatively
low statistical power, ISRPM’ s overall performance is inferior to the other five
methods. This result may be related to the small sample size allocated to child
nodes during ISRPM’ s recursive partitioning process, which reduces parameter
estimation precision and consequently affects DIF detection accuracy. For ex-
ample, with 500 examinees per group and two dichotomous covariates, ISRPM
allocates 500 examinees to each child node in the first-level partition; if pro-
ceeding to the second-level partition, the sample size allocated to the four child
nodes decreases to 250. In this situation, insufficient sample size may increase
parameter estimation error and affect detection result accuracy. Notably, under
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the same sample size condition, ISRPM’ s detection results are relatively better
when DIF is caused only by interactions among covariates. This may be related
to the method’ s ability to consider interactions among multiple covariates dur-
ing analysis, thereby demonstrating higher sensitivity in identifying interactive
DIF.

As DIF magnitude increases, the statistical power of all methods improves sig-
nificantly. For example, as shown in Appendix Table 1, when the test contains
only main effect DIF and sample size per group is 1000, ISRPM’ s TPR; values
range between 0.53 and 0.59 under small DIF conditions, while this indicator
rises to 0.98 under large DIF conditions. Similarly, under small DIF conditions,
the TPR; ranges for Wald, LR, FS-Wald, FS-LR, and MH methods are 0.62-
0.69, 0.67-0.76, 0.64-0.73, 0.67-0.75, and 0.48-0.49, respectively, while under
large DIF conditions, the ranges are 0.99-0.99, 1-1, 0.99-0.99, 1-1, and 0.96-
0.96, respectively. Regarding DIF patterns, ISRPM demonstrates relatively
higher statistical power in detecting interactive DIF. For example, Appendix
Table 1 shows that when the test contains only interactive DIF and sample size
per group is 100, ISRPM’ s TPR; range is 0.22-0.81, while the TPR; ranges for
Wald, LR, FS-Wald, FS-LR, and MH methods are 0.05-0.08, 0.08-0.10, 0.06-
0.08, 0.08-0.11, and 0.07-0.09, respectively. In situations with only main effect
DIF, ISRPM’ s performance is similar to other methods under larger sample
size conditions. However, when sample size per group decreases to 500, ISRPM’
s overall performance in statistical power is inferior to the other five traditional
methods. Overall, under conditions with sample sizes of 1000 or more per group,
ISRPM’ s overall performance in detecting main effect DIF is comparable to
traditional methods while demonstrating higher statistical power in situations
involving interactive DIF. Additionally, as item quality improves, the statistical
power of all methods shows an upward trend. Finally, results from Tables S1,
S3, S5, and S7 in the online appendix show that neither the correlation among
attributes nor whether demographic covariates influence attribute mastery pat-
tern distribution has a significant impact on ISRPM’ s statistical power.

3.4.2 Type I Error Rate [?] pointed out that under a nominal signifi-
cance level of o and n replications in simulation studies, due to sampling er-
ror, the observed Type I error rate may not be completely consistent with the
nominal level, but there is a 95% probability that it falls within the interval
[@ — 1.96y/a(l —a)/n,a + 1.964/a(l —a)/n]. Corresponding to this study
(a = 0.05,n = 100), this interval is [0.007,0.093]. If a detection method’ s
observed Type I error rate falls within this range, its control effect can be con-
sidered reasonable. As shown in Figure 3, ISRPM’ s control of Type I error
rate is relatively stable under most experimental conditions, with overall results
falling within the reasonable range. Further comparison reveals that under most
experimental conditions, ISRPM’ s Type I error rate is lower than the other five
traditional methods, indicating that in contexts involving multiple covariates
for DIF detection, the new method” s control of Type I error is generally supe-
rior to traditional methods. For example, Appendix Table 2 shows that when
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the test contains only main effect DIF, ISRPM’ s FPR; values range from 0.01
to 0.07, indicating that ISRPM’ s Type I error control effect meets expecta-
tions; while the FPR; ranges for Wald, LR, FS-Wald, FS-LR, and MH methods
are 0.04-0.11, 0.11-0.17, 0.06-0.10, 0.11-0.14, and 0.09-0.30, respectively, with
some conditions exceeding the upper limit of the reasonable interval (i.e., 0.093).
Overall, ISRPM demonstrates high stability in Type I error rate control, with
different DIF patterns and DIF magnitudes showing no significant effect on
Type I error rates across detection methods. Additionally, the Type I error
rates of all methods under high-quality item conditions are generally lower than
under medium-quality item conditions, which may be related to higher parame-
ter estimation precision under high-quality items. Finally, results presented in
Tables S2, S4, S6, and S8 in the online appendix indicate that neither the corre-
lation among attributes nor whether demographic covariates influence attribute
mastery pattern distribution has a significant effect on the Type I error rates
of any method.

[Figure 2: see original paper| Statistical power results of cognitive diagnosis DIF
detection methods under different experimental conditions

[Figure 3: see original paper| Type I error rate results of cognitive diagnosis
DIF detection methods under different experimental conditions

4. Empirical Study

4.1 Data Description The empirical analysis in this study uses the Diag-
nostic Classification Version of the Schizotypal Personality Questionnaire (DC-
SPQ) developed by [?] as an example to demonstrate the feasibility of the pro-
posed ISRPM in real test data and to compare its results with five existing cog-
nitive diagnosis DIF detection methods internationally. The DC-SPQ contains
74 items, each using dichotomous scoring. This study adopts the test Q-matrix
for DC-SPQ provided by [?] (see Table Al in the original manuscript), which
includes 9 attributes. The test data provided by [?] came from 980 university
students from seven universities in three Chinese cities, with an average age
of 20.5 years (SD = 1.79). For DIF detection, this study selected commonly
used gender and household registration as covariates. Regarding gender distri-
bution, female examinees accounted for 62.3% (N = 611); regarding household
registration distribution, 43.1% (N = 422) of examinees were from urban areas.

4.2 DIF Detection Results [?] used the Wald test for DIF analysis of the
DC-SPQ and set the overall significance level at 0.01. To more comprehensively
compare the detection performance of different methods, this study used the
proposed ISRPM and five existing cognitive diagnosis DIF detection methods
(Wald, MH, LR, FS-Wald, and FS-LR) to analyze the DC-SPQ under both
significance levels of 0.05 and 0.01. It should be emphasized that when imple-
menting ISRPM, the search termination rules for optimal splitting covariates
and splitting points were consistent with those in the simulation study.
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Table 4 presents the DIF detection results for the DC-SPQ by different methods
under the two overall significance levels (0.05 and 0.01). Overall, ISRPM shows
high consistency with the other five traditional methods in detection results.
For example, under the overall significance level of 0.05, items 24, 25, 26, 27,
and 40 were all identified by all methods as potentially exhibiting main effect
DIF caused by gender. However, the detection results for item 35 showed some
differences across methods: ISRPM identified it as potentially exhibiting inter-
active DIF caused by the interaction between gender and household registration;
LR and MH methods identified it as potentially showing only main effect DIF
caused by gender; while Wald, FS-Wald, and FS-LR methods did not detect
any DIF pattern for this item. Figure 4 [Figure 4: see original paper] shows the
recursive partitioning tree structure output by ISRPM for item 35. The figure
reveals that both gender-specific paths in the first level are dashed lines, indicat-
ing that this item may not exhibit main effect DIF on gender; in the second-level
partition, the left branch remains a dashed arrow while the right branch is a
solid arrow, indicating that females from different household registration areas
show significant differences in response patterns on this item, while the between-
group differences on the household registration variable are not significant for
males. This result suggests that item 35 may exhibit interactive DIF caused by
the interaction between gender and household registration. Although post-hoc
interpretation of DIF detection results still involves some uncertainty, the em-
pirical analysis results indicate that ISRPM demonstrates potential advantages
in identifying interactive DIF. It should be noted that interpretation of DIF
detection results should not rely solely on statistical tests. A more reasonable
strategy is to combine statistical analysis with expert judgment: first use sta-
tistical methods to screen for items that may exhibit DIF, then have content
domain experts conduct rigorous review of these items’ content and wording.
Through this combination of quantitative and qualitative analysis, test develop-
ers can more comprehensively evaluate the substantive significance of detection
results, thereby providing more evidence-based references for test revision and
quality control.

Table 2 DIF Detection Results for DC-SPQ Items by Different Methods at
Overall Significance Level 0.05 (0.01)

FS- FS- First-Level
Item ISRPM Wald LR MH Wald LR Variable
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FS- FS- First-Level
Item ISRPM Wald LR MH Wald LR Variable

35 f(x) X v iy x () x (x)  Gender
<) () (%)

40 V() fW) o v () () Gender
)W)

Note: This table only presents results for items where at least one method de-
tected DIF. “First-Level Variable” refers to the first optimal splitting variable
automatically identified by ISRPM for the current item, i.e., the first-level split-
ting variable in the recursive partitioning tree structure; different items may
show different first-level optimal splitting variables depending on each variable
s splitting effect. “/ indicates that the current method flagged the item as ex-
hibiting DIF, while “X” indicates it flagged the item as DIF-free. Results outside
parentheses are under overall significance level 0.05; results inside parentheses

are under overall significance level 0.01.

[Figure 4: see original paper] Recursive partitioning tree for item 35 based on
ISRPM output

5. Discussion and Conclusions

5.1 Discussion As emphasized in the Standards for Educational and Psycho-
logical Testing [?], to ensure the fairness and accuracy of test results, conducting
differential item functioning (DIF') analysis has become an important component
in evaluating test quality and validity during psychological and educational test
development. Therefore, DIF detection remains an indispensable quality assess-
ment step in cognitive diagnostic test development and validation. However,
existing cognitive diagnosis DIF detection methods typically can only conduct
detection for a single covariate in a single analysis, thus being limited to identi-
fying main effect DIF. Although these methods are reliable in identifying main
effect DIF, they have difficulty effectively detecting interactive DIF caused by
interactions among multiple covariates, which directly affects the measurement
fairness and validity of cognitive diagnostic assessments. To address this issue,
this study combines cognitive diagnosis models with recursive partitioning tech-
niques from data mining and proposes a new cognitive diagnosis DIF detection
method, namely the Item-based Sequential Recursive Partitioning Method (IS-
RPM). This method aims to provide more effective methodological support for
conducting main effect DIF and interactive DIF detection in cognitive diagnos-
tic tests. Overall, the main contribution of this study is that the proposed
ISRPM enables simultaneous processing of multiple covariates during cognitive
diagnosis DIF detection and can effectively detect both main effect DIF and
interactive DIF, thereby promising to further improve the detection accuracy of
cognitive diagnosis DIF detection methods.
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To evaluate the detection performance of ISRPM, this study conducted a series
of Monte Carlo simulation experiments, focusing on two important aspects: (1)
the effects of factors such as sample size per group, DIF magnitude, DIF pattern,
item quality, correlation among attributes, and whether demographic covariates
influence attribute mastery pattern distribution on the new method’ s detection
performance; and (2) comprehensive performance comparison results between
the new method and five existing cognitive diagnosis DIF detection methods
internationally (Wald, LR, FS-Wald, FS-LR, and MH). Additionally, to demon-
strate and verify the feasibility of the new method in real testing environments,
this study conducted an empirical analysis using the cognitive diagnostic version
of the Schizotypal Personality Questionnaire as an example and compared its
results with those of five existing DIF detection methods. The research results
show that: (1) Sample size per group, DIF magnitude, and item quality are
all important factors affecting ISRPM’ s DIF detection performance; (2) When
items exhibit interactive DIF, the proposed ISRPM demonstrates superior per-
formance in statistical power and Type I error rate compared to traditional
Wald, LR, FS-Wald, FS-LR, and MH methods; (3) In situations with only main
effect DIF, when sample size reaches 1000 or more per group, ISRPM’s detection
performance is generally comparable to the other five DIF detection methods,
while when sample size decreases to 500 per group, ISRPM’ s performance is
somewhat limited; (4) Neither the correlation among attributes nor the influ-
ence of demographic covariates on attribute mastery pattern distribution has a
significant effect on ISRPM’ s detection performance.

Through simulation and empirical studies, several advantages of ISRPM can be
summarized: (1) It promises to further improve the DIF detection accuracy of
cognitive diagnostic tests. Simulation results show that compared with existing
detection methods, ISRPM generally has better performance in identifying DIF
items and the covariates causing DIF. (2) It can simultaneously identify both
main effect DIF and interactive DIF. This characteristic of the new method
that can handle interactive DIF simultaneously promises to help researchers
more comprehensively analyze the complex demographic sources that lead to
measurement bias in tests. (3) It promises to provide more detailed DIF di-
agnostic information for test developers. Compared with traditional methods,
ISRPM can not only accurately identify items exhibiting DIF but also reveal
the effects of different covariates’ main effects and their interactions on DIF,
thereby providing more targeted references for item revision.

Based on the comprehensive results of simulation and empirical studies, this
paper offers the following recommendations for potential users of ISRPM: (1)
Regarding the choice of cognitive diagnosis model. This study verifies the appli-
cability of ISRPM under saturated cognitive diagnosis models (i.e., the G-DINA
model) through simulation and empirical analysis. It should be noted that this
method can also be extended to several simplified forms of the G-DINA model,
such as DINA, DINO, and ACDM, so researchers can flexibly choose according
to research objectives and data characteristics. (2) Regarding the number and
type of covariates. Simulation results show that ISRPM can support simulta-
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neous DIF detection for two or more covariates. When research involves mul-
tiple covariates, ISRPM demonstrates good applicability. However, it should
be noted that as the number of covariates increases, to maintain the stability
and detection accuracy of the new method, users should increase sample size
as much as possible. Therefore, in scenarios involving multiple covariates, users
need to balance the relationship between sample size and the number of covari-
ates. To further verify the new method’ s performance under conditions with
multicategorical and continuous covariates, this paper presents two supplemen-
tary experiments in the online appendix (see Supplementary Experiments 1 and
2 in the online appendix). The results show that ISRPM can still maintain ac-
ceptable detection performance under conditions with more than two covariates
and demonstrates acceptable detection effects for different types of covariates.
(3) Regarding sample size. Simulation results indicate that sample size is an
important factor affecting ISRPM’ s detection performance. When sample size
per group reaches 1000 or more, ISRPM demonstrates relatively ideal detection
accuracy under most conditions; when sample size decreases to 500 or less, its
statistical power shows a downward trend, and overall performance is inferior
to traditional methods. Therefore, in practical applications, this paper recom-
mends ensuring sample size is no less than 1000 per group to obtain relatively
robust detection results. (4) Regarding the choice of DIF detection method.
When selecting appropriate DIF detection methods in cognitive diagnostic tests,
key factors such as research objectives, sample size, and the number of covari-
ates of interest should be comprehensively considered. Although ISRPM shows
better performance in identifying interactive DIF, its performance is not supe-
rior to traditional methods in all DIF patterns. For research focusing only on
main effect DIF with small sample sizes per group (e.g., less than 500), tradi-
tional methods (such as the Wald test) are more recommended; in situations
with larger sample sizes per group ($ $1000) or when research simultaneously
focuses on both main effect and interactive DIF, ISRPM is more recommended.
It should be reminded that when sample size is small, the precision of DIF detec-
tion results may be limited regardless of the method used, so conclusions should
not be based solely on statistical test results. (5) Regarding the handling of DIF
items. When conducting DIF detection in cognitive diagnostic tests, researchers
should not rely solely on statistical test results. A more robust approach is to
combine statistical analysis with expert evaluation: first use ISRPM or other
methods to screen for items that may exhibit DIF, then invite domain experts
to review the content and wording of these items. Through this combination
of quantitative analysis and qualitative judgment, it is possible to more accu-
rately determine whether the detected DIF has practical significance, thereby
providing more evidence-based decision support for test revision and quality
control.

5.2 Distinctions and Connections Between Cognitive Diagnosis DIF
Detection Methods and DIF Detection Methods Under CTT and IRT
Frameworks In the field of test fairness research, DIF detection methods
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mainly rely on three measurement frameworks: Classical Test Theory (CTT),
Ttem Response Theory (IRT), and Cognitive Diagnosis (CD). DIF detection
methods under these three frameworks share certain commonalities in core ob-
jectives, detection logic, and basic principles, but show obvious differences in
theoretical foundations, equating &£75%, and ability matching criteria.

First, CTT, IRT, and CD frameworks maintain consistency in the core objec-
tive of DIF detection: all aim to identify items that may cause measurement
bias to safeguard test result fairness. Second, regardless of the measurement
framework adopted, DIF detection revolves around a common logic: under the
condition of controlling ability levels, examine whether there are systematic dif-
ferences in response performance on the same item across different examinee
groups. Finally, these methods all follow the “conditional matching” principle,
i.e., comparison is made under the condition of controlling examinee ability lev-
els rather than directly judging DIF based on raw scores. Specifically, CTT
methods use observed total scores for matching, IRT methods use latent trait
scores for matching, while CD methods use examinees’ attribute mastery pat-
terns for matching.

Despite maintaining consistency in core objectives, basic logic, and basic prin-
ciples of DIF detection, CTT, IRT, and CD still show obvious differences in
theoretical foundations, equating &#7%, and ability matching criteria. First,
from the perspective of theoretical foundations, CTT methods are based on
classical measurement theory, IRT methods rely on item response theory, while
CD methods are built upon cognitive diagnostic theory. Second, from the per-
spective of equating #7534, DIF detection under CTT and IRT frameworks
usually requires equating processing to place ability scores from different groups
on the same scale for fair comparison. In contrast, cognitive diagnosis models
(CDMs) used in CD methods naturally possess parameter equivalence character-
istics because CDMs mainly measure examinees’ mastery of discrete cognitive
attributes rather than locating their abilities on a continuous latent trait scale.
Therefore, DIF detection under the CD framework usually does not require ad-
ditional equating processing. Finally, regarding ability matching criteria, CTT
methods match through observed total scores, IRT methods match through la-
tent trait scores, while CD methods match based on examinees’ mastery patterns
of cognitive attributes.

5.3 Research Limitations and Future Directions Although this study
has made substantial progress in main effect DIF and interactive DIF detection
in cognitive diagnostic assessments, there are still some obvious limitations and
areas for improvement, mainly including the following aspects:

(1) Similar to existing Wald, LR, FS-Wald, FS-LR, and MH methods, the IS-
RPM proposed in this study still has room for further improvement in DIF
detection performance under small sample conditions. This means that
the performance of ISRPM under small sample conditions needs further
exploration and optimization.
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This study mainly focused on the application of ISRPM in dichotomously
scored cognitive diagnosis models (i.e., the G-DINA model), but the per-
formance of recursive partitioning technology in polytomously scored cog-
nitive diagnosis models and multiple-strategy cognitive diagnosis models
remains an unknown area. Future research could further attempt to ex-
tend ISRPM to DIF detection under polytomous cognitive diagnosis mod-
els and multiple-strategy models.

Consistent with existing IRT framework-based DIF detection methods us-
ing recursive partitioning technology [?, ?], ISRPM currently only sup-
ports binary splitting. This may limit its ability to identify complex
patterns where DIF is exhibited across multiple intervals within a sin-
gle covariate. Therefore, future research could attempt to further extend
ISRPM to DIF detection methods capable of performing multivariate split-
ting to enhance its applicability in more complex testing situations.

Although this study systematically evaluated ISRPM’ s performance
through simulation experiments, it is still necessary to recognize that
there are certain differences between simulation studies and empirical
studies. Simulation study conditions are carefully designed and allow
for strict variable control, enabling examination of detection methods’
rationality and validity under different test conditions. However, em-
pirical data structures are usually more complex and may be affected
by measurement error, heterogeneity of examinee characteristics, and
potential confounding factors. Therefore, simulation study results should
be regarded as preliminary validation of the new method’ s DIF detection
performance rather than direct evidence of its application effects in
actual tests. Future research should further validate the applicability and
robustness of ISRPM based on more types and larger sample sizes of
empirical data.

5.4 Conclusions The main conclusions of this study are as follows:

(1)

3)

This study proposes a new method for simultaneously detecting main effect
DIF and interactive DIF within the cognitive diagnosis framework, namely
the Item-based Sequential Recursive Partitioning Method (ISRPM). This
method achieves full integration of recursive partitioning technology and
cognitive diagnosis models, enabling simultaneous processing of multiple
covariates in a single detection and identifying both items exhibiting DIF
and the covariates causing DIF.

Overall, ISRPM demonstrates acceptable DIF detection performance. In
detecting main effect DIF, its overall performance is largely consistent with
existing Wald, LR, FS-Wald, FS-LR, and MH methods; while in detecting
interactive DIF, ISRPM shows relatively superior identification capability.

Comprehensive simulation results show that when sample size per group is
large, DIF effects are large, and item quality is high, ISRPM can maintain
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Appendix Table 1 Statistical Power of Different Cognitive Diagnosis DIF
Detection Methods Under Uniform Attribute Mastery Pattern Distribution

DIF DIF
Sample Size Magnitude Pattern Method TPR; TPR;-
500 0.05 Main only ISRPM  0.53- 0.48-0.55
0.59
500 0.05 Main only Wald 0.62- 0.58-0.65

0.69

Appendix Table 2 Type I Error Rates of Different Cognitive Diagnosis DIF
Detection Methods Under Uniform Attribute Mastery Pattern Distribution

DIF DIF
Sample Size Magnitude Pattern Method FPR; FPR;~
500 0.05 Main only ISRPM  0.01- 0.02-0.08
0.07
500 0.05 Main only Wald 0.04- 0.05-0.12

0.11
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Note: Complete tables are available in the online appendiz.
Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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