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opportunities and motivation for cheating. Such dishonest behaviors threaten the
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test security measures. This study focuses on detecting individuals suspected of
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Kullback-Leibler index,  gimylate realistic conditions, we manipulated key variables including test difficulty,
Two-stage analysis. ability levels of suspected copiers, and the proportion of copied items. Our findings
demonstrate that the GBT index combined with the KL index consistently
outperformed other methods across varying scenarios in terms of detection accuracy
and control of false positives. These results suggest that integrating person-fit and
distribution-based methods enhances the reliability of cheating detection in
unsupervised testing environments. The study provides valuable insights for test
administrators seeking effective statistical tools to safeguard test integrity, especially

in the context of increasing online assessments.
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INTRODUCTION

The increasing emphasis on academic performance and credential attainment has heightened
test-related pressure, often leading individuals to engage in dishonest behaviors, particularly in
high-stakes assessments such as certification and licensure examinations. The transition from
traditional proctored environments to unsupervised online testing accelerated notably during
the COVID-19 pandemic has further magnified concerns around test integrity and fairness. At
the core of the issue lies a critical threat to the validity of score-based inferences, especially
when such scores inform consequential decisions about competence, placement, or professional
qualification. To maintain the security and integrity of test outcomes, researchers have explored
a range of detection techniques aimed at identifying aberrant responding patterns indicative of
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potential cheating behavior. (Krimpen-Stoop & Meijer, 2001; Meijer & Sijtsma, 2001; Meijer
& Tendeiro, 2014; Sideridis & Zopluoglu, 2018; Wise & Kong, 2005). Although various
detection techniques exist for computer-based and adaptive tests, consensus on the most
effective methods that integrate both response patterns and response times remains lacking
(Belov, 2014a; Balta & Dogan, 2024; Meijer & Sotaridona, 2006; Sinharay & Johnson, 2020;
van der Linden & Guo, 2008; Zhan et al., 2021). This study aims to address this need by
proposing a rigorous methodological approach designed to improve test security without
compromising validity and fairness.

The appropriateness of an individual’s response pattern and test score is typically evaluated in
relation to the underlying measurement model and benchmarked against the response behaviors
and scores of examinees with similar ability levels in the sample or population. When an
individual's observed responses deviate significantly from what is expected given their
estimated ability level, such irregularities are referred to as aberrant response patterns
(Karabatsos, 2003). Aberrant responses may arise from various sources, including disengaged
or inconsistent behavior during item response, pre- or post-test exposure to test content via
instructors or proctors, or deliberate acts such as cheating (Karabatsos, 2003; Meijer, 1994,
1996; Thiessen, 2008). These patterns often result in unexpectedly inflated or deflated test
scores, which can undermine the reliability and validity of score interpretations. As emphasized
by Cizek and Wollack (2017), such deviations compromise the intended use of test scores,
rendering subsequent inferences questionable. Therefore, identifying and accounting for
aberrant response patterns is essential for maintaining the psychometric integrity of assessment
outcomes, particularly in high-stakes or unproctored testing environments.

Several behavioral factors can cause test scores to be spuriously high or spuriously low, thereby
threatening the validity of score interpretations. These include careless responding (incorrectly
answering items within the individual's competence level), lucky guessing (correctly answering
unfamiliar items by chance), creative misinterpretation (overthinking simple items, typically
among high-ability individuals), and random responding (selecting options without meaningful
engagement) (Meijer, 1996). Among these, cheating (or answer copying) constitutes a
particularly concerning form of aberrant behavior and is the primary focus of this study.
Cheating refers to intentional behaviors in which individuals gain an unfair advantage by
illegally accessing test items before the exam, copying answers from other test takers during
the exam, or obtaining answer keys from instructors beforehand. These actions lead to correct
answers on items that would otherwise be answered incorrectly. Cheating distorts test results
systematically rather than being just a random error, which threatens the fairness and validity
of the assessment. Therefore, effective detection methods are needed to protect the integrity of
the testing process.

Early efforts to detect test cheating primarily focused on individual-level behaviors, but recent
research has expanded to investigate group-level cheating that is not confined by geographic
proximity, and may be influenced by shared test centers, institutional affiliations, or social
networks (Belov, 2014b). Researchers have developed a variety of statistical methods at both
individual and group levels to identify aberrant responses and score anomalies (Belov, 2013;
Wollack & Maynes, 2011). Individual-level methods include person-fit statistics (Karabatsos,
2003), answer-copying indices (Sunbul & Yormaz, 2018a; Wollack, 1997; Zopluoglu, 2016;
Wollack & Cohen, 1998), and similarity-based approaches (Zopluoglu, 2017). These methods
aim to detect behaviors such as lucky guessing or answer copying that inflate or distort scores.
More advanced techniques include Kullback—Leibler distance index (KL distance) (Kullback
& Leibler, 1951), matched percentile index (MPI), and irregularity (IR1) indices, as well as
model-based approaches like the deterministic gated IRT model (DG). At the group level,
response pattern and score-based analyses, answer change tracking, and multilevel modeling
approaches are used (He et al., 2018).
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With the increasing use of computer-based testing, researchers now have access to detailed
response time data, such as the moment a test item appears on the screen, the time spent solving
it, and the moment the response is given (van der Linden, 2006, 2007, 2009; van der Linden &
van Krimpen-Stoop, 2003; Wang & Xu, 2015; Wise & Kong, 2005). These data help detect
whether a test-taker’s behavior is appropriate. In particular, they support the identification of
unusual behaviors in cases of low effort or deviations from expected response patterns (Hauser
et al., 2010; Kingsbury & Houser, 2011; Schnipke & Scrams, 1999; Wise & DeMars, 2006).
When considered alongside response accuracy, such information contributes to a better
understanding of irregular test-taking behaviors. This study aims to combine different detection
methods from the literature to enable more effective identification of suspicious responding
behaviors in exams. However, timing-based approaches were not considered, as the focus was
on improving detection under realistic testing conditions using traditional methods.

Statistical methods for detecting answer copying must strike a balance between two
fundamental goals: minimizing Type | errors (false positives, where a non-cheater is incorrectly
flagged as a suspected copier) and maximizing statistical power (the ability to correctly detect
actual cheaters). Although numerous studies have examined these performance metrics
(Armstrong & Shi, 2009; Belov & Armstrong, 2010; Belov, 2013, 2014a, 2016; Belov et al.,
2007; Shu, 2010; Sotaridona & Meijer, 2002, 2003; Zopluoglu & Davenport, 2012), findings
consistently show that no single statistic consistently offers superior detection accuracy across
all testing conditions (Karabatsos, 2003; Krimpen-Stoop & Meijer, 2001; Wollack, 1997;
Wollack & Cohen, 1998; Yormaz, 2019). As a result, reliance on a single statistical indicator
is often insufficient and may lead to inconsistent or unreliable classifications of suspected
copying. This underscores the importance of multi-method approaches or comparative
evaluations that can more robustly detect aberrant response behavior while maintaining
acceptable error rates.

In this context, the GBT and w indices based on Item Response Theory (IRT) have emerged as
prominent tools in cheating detection studies, exhibiting superior performance in terms of Type
| error control and statistical power compared to traditional methods (Zopluoglu & Davenport,
2012; Wollack, 2003, 2006). While most existing studies primarily employ no-stage analyses,
this study comprehensively evaluates the performance of these indices using both no-stage and
two-stage analysis designs across various testing environments.

In real testing conditions whether supervised or unsupervised, computer-based or paper-and-
pencil-individuals may employ a wide range of cheating strategies. These include prior access
to test items, collaboration with peers during the test, or the use of technological devices such
as camera-equipped glasses or wireless earpieces. Furthermore, online and remote testing
introduces new security vulnerabilities, such as cheating through mobile applications, social
media groups, or outsourcing responses to others. Cheaters may attempt to minimize suspicious
response patterns by limiting the number of collaborators and the number of items copied to
avoid detection.

To reflect these realistic and varied cheating strategies, a scenario-based simulation
encompassing different test modalities and plausible cheating behaviors was developed.
Additionally, the spatial distribution and proximity of suspected cheaters were considered to
enhance detection efficiency and strengthen the credibility of the evidence by identifying likely
sources of copied answers. Using this scenario, we calculated the Type | error rates and power
values for the GBT and w indices, then compared their performances across different conditions
to thoroughly examine their robustness in realistic testing environments.

In conclusion, this study responds to a pressing need in the literature on test security by
emphasizing the importance of multiple statistical methods and scenario-based multi-stage
analysis approaches in detecting cheating. It provides significant contributions to cheating
detection in today’s evolving testing environments.
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Purpose of the study

The primary aim of this study is to compare the Type | error rates and statistical power of two
answer-copying and similarity indices, the w and GBT indices, under various conditions using
both no-stage and two-stage methods. In the two-stage procedure, person-fit statistics I, and I,”
(Levine, & Rubin, 1979; Magis et al., 2012; Molenaar & Hoijtink, 1990) and the KL index are
employed in the first stage to identify potentially aberrant test-takers, followed by the
application of the w or GBT index in the second stage. The research questions addressed in this
study are as follows:

1.What is the common effect of various factors on the type | error of the w and GBT indexes
that are used in no-stage and two-stage methods (used after person fitting statistics (I./ I.") and
the KL index)?

2.What is the common effect of various factors on the power of the w and GBT indexes that are
used in no-stage and two-stage methods (used after person fitting statistics (I./ I;") and the KL
index)?

METHOD

In this study, item response data were simulated for a sample of 150 examinees and 30 test
items using the unidimensional Rasch model framework (Sahin, 2012). To realistically simulate
aberrant behaviors such as answer copying while limiting their effect on parameter estimation
accuracy, a fixed manipulation rate of 5% was applied. This rate was chosen based on prior
simulation studies that balanced realism and analytical reliability (Belov, 2016; Zopluoglu &
Davenport, 2012).

The proportion of copied items, or the number of cheating items, plays a critical role as it
directly influences both the Type I error rate and the detection power of answer copying indices.
Previous research has examined this factor at varying levels. For instance, Zopluoglu (2016)
manipulated copying rates at three distinct thresholds-20% (low), 40% (medium), and 60%
(high) highlighting that copying proportion is a primary determinant of classification accuracy.
Similarly, Wollack (2006) and Sotaridona and Meijer (2002) used copying percentages in the
test of 10%, 20%, 30%, and 40%. Karabatsos (2003) varied the number of aberrant responses
between 5%, 10%, 25%, and 50%. Grounded in these prior findings, this study adopted copying
levels of 10% (low), 40% (medium), and 60% (high) to comprehensively investigate the indices'
performance across practical scenarios.

The ability level of individuals engaging in cheating behaviors is a crucial factor influencing
both the Type I error rate and the detection power of answer copying and similarity indices.
Research suggests that lower-ability examinees tend to have less confidence in their responses,
thereby exhibiting a higher propensity to cheat (Voncken, 2014). For example, Sotaridona and
Meijer (2002) considered source individuals with ability levels at the 90th and 60th percentiles.
Similarly, Yormaz and Sunbul (2017) categorized source ability across five ranges 40-49%, 50-
59%, 60-69%, 70-79%, and 80-90%and reported that the performance of copying detection
indices improved as the source’s ability increased. In line with these findings, Sunbul and
Yormaz (2018a) examined various ability intervals for both sources and suspected copiers,
including (-3, -1.51), (-1.5, 0), (0.01, 1.5), and (1.51, 3). Reflecting this, the present study varied
the suspected copiers’ ability levels at two distinct intervals: very low (-3, -1.51) and low (-
1.50, 0).

Item difficulty is another key factor influencing the effectiveness of answer copying and
similarity indices. For example, Zopluoglu (2016) employed average test difficulty parameters
of 0.8 and 0.5 in his analyses, while Sunbul and Yormaz (2018a) categorized item difficulty
into ranges of (-2.5, 0.00) for easier items and (0.01, 2.5) for more difficult items. Lower item
difficulty has been linked to decreased detection power. To account for this variability, the
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present study incorporated item difficulty parameters at two levels, representing easier tests (-
2.5, 0.00) and more difficult tests (0.01, 2.5).

Data Simulation

To evaluate the statistical power of the indexes, we designed 12 experimental conditions by
combining three manipulated factors: copying percentage (3 levels), test difficulty (2 levels),
and person ability (2 levels), resulting in a total of 12 unique scenarios. For each condition, data
were simulated 100 times, generating 1,200 datasets in total for the power analysis. Similarly,
for the analysis of Type | error rates, four conditions were created by crossing test difficulty (2
levels) and person ability (2 levels), with 100 replications per condition, yielding 400 datasets
for this purpose. Altogether, the study utilized 1,600 datasets for both power and Type | error
analyses. Each dataset comprised response data for 1,500 examinees whose ability parameters
were drawn from a standard normal distribution. The response matrices followed a
unidimensional Rasch model with binary (1-0) scoring for each of the 30 test items.

In designing the simulation class, special attention was given to increasing the likelihood that
the suspected copier would choose a source with a higher ability level than themselves. To
achieve this, the sample of 150 individuals was randomly selected with an intentional
distribution favoring higher ability levels: 5% of the sample consisted of very low-ability
individuals, 15% low-ability, 60% medium-ability, and 20% high-ability individuals.
Following the sample selection, suspected copiers were identified by randomly choosing
individuals from the very low and low ability groups as distinct cases. Finally, the seating
positions of all individuals were assigned randomly to reflect realistic test conditions.

The steps described in this paragraph were conducted separately for the type I error and power
analyses of the indexes. After randomly placing the individuals, a source was selected from
those seated next to the suspected copier (in front, to the right, or to the left). It was assumed
that the suspected copier would choose only one of these individuals as a source, with the source
being determined randomly.

* For the type I error analysis, data were produced without any manipulation of the individuals’
response patterns.

* For the power analysis, suspected copiers copied answers from 10%, 40%, or 60% of the
source’s responses. Thus, the responses of the copier were manipulated by replacing them with
those of the source. Finally, the manipulated datasets were obtained and used for the power
analysis of the indexes.

Analysis

Type | Error and Power Analysis

In the no-stage analysis, we calculated the probability values of the copy and similarity indexes
using the "CopyDetect" package (Zopluoglu, 2018) to obtain a type | error rate. We compared
the probability values of the answer copying and similarity indexes with a = 0.05. We assigned
1 to those with probability values less than or equal to 0.05, and O to those with a greater
probability. [A value of 1 represents "test fraud due to answer copying™ and 0 represents "no
test fraud due to answer copying" for the suspected copier and source pair]. Thus we obtained
a frequency table. We summed up the "1" values in the frequency table, and divided the value
we got from the total by the number of all selected pairs. Thus, we obtained the probability that
the decision made for the selected pairs was wrong (type | error rate). We performed the same
operations on the manipulated data. Based on these data, we obtained the probability that the
decision made for the selected pairs was true (power ratio).

In the two-stage analysis, we initially computed person-fit statistics (I; and I,” statistics) using
the “PerFit” package (Tenderio, 2018) and calculated the Kullback-Leibler (KL) divergence
index with the “LaplaceDemon” package (Singmann, 2020) in R. These calculations provided
person-fit and KL values for each individual. To identify suspected copiers, we applied cutoff
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scores determined differently for each statistic: the cutoff for the person-fit statistics was
generated by the “PerFit” package, while the cutoff for the KL index was established using the
“OptimalCutpoints” package (Raton, 2014). Suspected copiers were then detected based on
these thresholds. Subsequently, potential sources, defined as individuals seated directly in front
of, to the right, or to the left of the suspected copier, were identified and included in the analysis.
This approach limited the analysis to pairs consisting of suspected copiers and their potential
sources, rather than involving all sample members.

The second stage followed the procedure of the no-stage analysis: using the "CopyDetect"
package (Zopluoglu, 2018), we calculated the probability values of the copying and similarity
indices to estimate the Type I error rate. We created a frequency table summing all instances
where the test indicated copying (“1” values). The Type I error rate was calculated by dividing
this sum by the total number of copiers, representing the proportion of false positive decisions.
Likewise, for the power analysis, the same operations were conducted on the manipulated data
representing actual copying behavior. The power was then calculated as the proportion of
correct detections, obtained by dividing the summed “1” values by the number of true copiers.
This two-stage procedure allowed for a more focused and rigorous evaluation of the indices’
performance.

RESULTS

Figure 1 demonstrates that the Type | error rate for the w index increases with rising test
difficulty among low-ability examinees when applied in a two-stage analysis following the I,
statistic. Importantly, under conditions of high test difficulty across all ability levels, the GBT
index applied with the KL index consistently produced the lowest Type I error rates, followed
by the GBT index used with I,". These outcomes indicate that a two-stage approach based on
the KL index offers improved control over false positives. Conversely, the w index showed the
highest Type | error rates in the no-stage analysis across every condition examined.
Furthermore, both indices (w and GBT) displayed markedly lower Type | error rates in two-
stage analyses compared to the no-stage approach, underscoring the benefit of including person-
fit indices to minimize incorrect classifications.
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Figure 1. The conditions' interaction effects for type | error of answer copying and similarity indexes.

Figure 2 reveals that the GBT index, when employed after the KL index within a two-stage
framework, consistently exhibits the highest detection power across all scenarios. This finding
supports the effectiveness of combining KL and GBT in a sequential detection model for
detecting copying behaviors. In comparison, the w and GBT indices tend to have lower power
when applied alongside person-fit statistics (I, and I,") relative to their performance with the KL
index. However, despite this relative decrease, both indices demonstrate improved power when
used following I, and I,” compared to the no-stage analysis. These results suggest that initiating
detection with either KL or person-fit statistics strengthens the capacity of both indices.
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Collectively, the combination of KL and GBT delivers the most robust detection performance
for identifying examinees involved in copying, thereby affirming the advantage of a two-stage
detection system.
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Figure 2. The conditions' interaction effects for power of answer copying and similarity indexes.

DISCUSSION and CONCLUSION

According to the results of the no-stage analysis, the Type | error rates of the w index were
higher than those of the GBT index across all conditions, a finding consistent with previous
research (Sunbul & Yormaz, 2018a, 2018b; Zopluoglu & Davenport, 2012). This suggests that
the w index is more prone to falsely detecting non-cheating individuals as cheaters, which raises
concerns regarding its specificity under single-stage conditions. Furthermore, both indices, w
and GBT, produced higher Type | error rates in the no-stage analysis than in the two-stage
analysis, underscoring the value of integrating preliminary screening methods.

This aligns with Seol and Rubright (2013), who reported consistently lower Type I error rates
when answer copying indices were used following initial screening via the KL index in a two-
stage approach. Our findings corroborate this trend, revealing a notable reduction in false
positives when the indices were applied after person-fit and KL-based filtering. In particular,
the GBT index, when combined with the KL index, yielded the lowest Type | error rates under
all conditions, emphasizing its potential robustness in conservative test security applications.

However, the effectiveness of these indices is sensitive to examinee ability levels. Tenderio and
Meijer (2012) observed inflated Type | error rates of the I, statistic among low-ability
individuals. Similarly, Armstrong et al. (2007) noted that the I, statistic can be unreliable in
response patterns containing numerous incorrect answers, leading to over-flagging. Consistent
with these findings, the current study observed elevated Type | error rates for both the w and
GBT indices when paired with the I, statistic in two-stage analyses under low-ability conditions.
Nevertheless, these rates remained lower than in the no-stage analysis, suggesting a partial
mitigation of this issue through multi-stage modeling.

It is worth noting that the simulation design used in this study employed a relatively small
sample size (n = 150), which may influence the generalizability and stability of the findings.
Previous studies have shown that increasing sample size can reduce random errors and improve
the accuracy of person-fit and KL-based detection methods (Tenderio & Meijer, 2014). As
sample size grows, parameter estimates become more reliable and the underlying assumptions
of the IRT model are better satisfied, which in turn reduces both Type I and Type Il error rates.
This consideration should be addressed in future research through larger-scale simulations or
empirical validation studies.

The person-fit statistics and the Kullback-Leibler (KL) index detect aberrant test-taking
behavior using different detection mechanisms. Person-fit statistics (e.g., I, and I,") detect
individuals whose response patterns deviate from expectations based on the Item Response
Theory (IRT) model. In contrast, the KL index detects unusual patterns by comparing the
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empirical ability distributions of individuals. Due to its sensitivity to differences in
distributions, the KL index is effective in distinguishing genuine performance from potentially
manipulated responses. In this study, the KL index was used to compare ability distributions
under conditions with and without simulated test fraud. Individuals with significant differences
in distributions were flagged as suspicious, supporting the use of KL as a useful tool for
preliminary detection.

Beyond theoretical utility, the KL index also offers practical advantages. It can be applied in
real-world testing scenarios by comparing prior (non-fraudulent) test data with current
(potentially compromised) test results, especially in assessments where item pools include both
common and unique items across test-takers. This flexibility broadens its applicability in
operational settings where test security is a growing concern.

Consistent with prior findings by Sunbul and Yormaz (2018a, 2018b), this study found that
both the w and GBT indices demonstrated acceptable power levels in detecting answer copying
across varying test difficulty conditions at the @ = 0.05 significance level. Notably, the power
of the w index remained relatively stable across analyses conducted after both I, and I,
suggesting internal consistency in performance. However, under challenging conditions, such
as when the average item difficulty was high, the suspected copier's ability was very low, and
the copying rate was 60%, the power of the w index was lower in the no-stage analysis
compared to the two-stage analysis involving the KL index. This finding supports the use of a
sequential approach, particularly when the copier's ability is substantially mismatched with the
source.

Similarly, although the GBT index showed weaker performance in the two-stage analyses
involving I, and I, than in no-stage and KL-enhanced two-stage analyses, its integration with
the KL index resulted in superior power outcomes. These results align with Belov and
Armstrong (2010), who emphasized the consistent performance of two-stage procedures
involving the KL and K indices in detecting cheating behaviors. Our findings reinforce the
potential value of the KL index as a reliable screening tool that enhances the detection capacity
of both w and GBT indices.

Furthermore, the increased power observed in two-stage analyses using person-fit statistics
suggests that such procedures may effectively compensate for limitations inherent in individual
indices. While prior research has shown variability in the sensitivity of these methods to low-
ability examinees (Armstrong et al., 2007; Tenderio & Meijer, 2012), our results indicate that
performance can be stabilized when sequential detection methods are applied.

Test security is a critical concern for educational institutions, examination bodies, and test
developers, particularly in high-stakes contexts where individual performance is directly linked
to educational or professional outcomes. The presence of cheating not only threatens the
validity and fairness of assessments but may also result in the invalidation of test scores, with
significant implications for test-takers and institutions alike (OSYM, 2010). Given the
complexity of test fraud, relying on a single detection method is insufficient for making
defensible judgments. This study reinforces the necessity of using multi-method detection
strategies, particularly two-stage procedures, to more accurately identify aberrant response
behaviors while minimizing false positives.

The comparative performance of detection indices revealed that the Type | error rates of both
the w and GBT indices were consistently higher in the no-stage analyses than in the two-stage
analyses. Likewise, the statistical power of the w index was generally lower than that of the
GBT index, especially in the no-stage analysis. These results suggest that two-stage analysis
not only improves detection accuracy but also provides more reliable evidence when suspecting
test fraud. For instance, under the condition with the lowest Type I error rate for the w index in
the no-stage analysis, approximately three individuals (0.0185 x 150) with very low ability
levels were falsely flagged as suspicious in a sample of 150 test-takers. In contrast, in the two-
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stage analysis the same condition yielded only one false positive with I, (0.01 x 150), one with
I;” (0.0071 x 150), and virtually none with the KL index (0.00001 x 150), illustrating the
substantial reduction in false accusations when using a sequential approach. As sample sizes
increase, the number of false positives rises proportionally when using detection indices with
high Type | error rates, thereby exacerbating the potential adverse consequences. The
methodological triangulation of multiple evidentiary sources (video-audio recordings, response
time analyses) is fundamental for detecting aberrant behaviors. This approach minimizes
measurement errors to ensure examination fairness while strengthening the evidentiary basis
for high-stakes classification decisions.

Based on these findings, it is recommended that researchers and practitioners employ two-stage
detection procedures in contexts where tests of higher difficulty are administered, and where
examinees are unlikely to have had prior access to test content. In settings such as school-wide
assessments or class-level assessments, if pretest integrity is assumed, applying the KL index
as a first-stage screening tool followed by similarity indices like w and GBT can enhance the
credibility of detection outcomes. Moreover, the performance of these indices is influenced by
various design factors including sample size, test length, item characteristics, and the
dimensionality of the construct being measured.

In this study, the sample size and other factors such as test length and the copier ratio were not
manipulated; however, future research should consider systematically varying these parameters
to assess their effect on detection accuracy. Simulation studies could also incorporate different
ability levels for both the source and the copier, alternative item structures, and
multidimensional test models. In addition, the use of alternative divergence or distance metrics
to quantify discrepancies in ability parameters between test-takers may provide further insight
into potential fraud detection strategies.

The results obtained in this study offer practical contributions to the field of education,
particularly regarding the development of reliable and secure assessment practices. In contexts
where assessment outcomes are used to inform educational decisions, the detection of test fraud
becomes a critical concern for maintaining the accuracy and fairness of measurement. The
findings that the two-stage analysis reduced the Type | error rate and improved the detection
power of the ® and GBT indices suggest that relying on a single method may be insufficient
when identifying individuals suspected of cheating. The use of layered and complementary
methods appears to be a more effective strategy for enhancing test security.

In educational practice, this points to the importance of integrating statistical detection methods
into assessment processes, especially in settings where exams are conducted on a large scale or
without supervision. Educators and institutions are encouraged to consider not only test scores
but also test-taking behavior when interpreting results. For example, in classroom or
institutional exams, applying a two-stage detection procedure that includes a preliminary
screening step-such as the KL index-followed by a more targeted similarity analysis can help
reduce the misidentification of non-cheating individuals as suspicious. In addition, adopting
assessment designs that reduce the likelihood of copying, such as using different item orders or
item variants, can contribute to the overall integrity of the testing process. From this
perspective, the findings support the view that ensuring the validity of test results requires a
combination of psychometric methods and instructional planning, rather than a reliance on
scores alone.

While this study contributes to understanding the performance of similarity and person-fit
indices, certain limitations must be considered. The simulations were conducted with fixed
values for sample size, test length, and copier ratio, which may not reflect the diversity
encountered in real testing environments. As a result, the findings might not generalize to
conditions where these variables vary significantly. Moreover, the modeled cheating behavior
followed structured patterns, whereas actual instances of test misconduct can involve more
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complex or unpredictable strategies. Additionally, the analyses were limited to response
accuracy data; no auxiliary indicators such as response latency or examinee activity logs were
incorporated, which could enhance detection in more comprehensive frameworks. Future
studies are encouraged to expand the parameter range and explore richer data sources.

While this study contributes to understanding the performance of similarity and person-fit
indices, certain limitations must be considered. The simulations were conducted with fixed
values for sample size, test length, and copier ratio, which may not reflect the diversity
encountered in real testing environments. As a result, the findings might not generalize to
conditions where these variables vary significantly. Moreover, the modeled cheating behavior
followed structured patterns, whereas actual instances of test misconduct can involve more
complex or unpredictable strategies. Additionally, the analyses were limited to response
accuracy data; no auxiliary indicators such as the time participants spend navigating and
responding to each item, as well as the interaction-based digital records accumulated during the
testing session were incorporated, which could enhance detection in more comprehensive
frameworks. Future studies are encouraged to expand the parameter range and explore richer
data sources.

Building on the findings of this study, several avenues warrant further exploration. Future
research should consider varying key factors such as sample size, test length, and the proportion
of suspected cheating behaviors to evaluate their influence on the detection indices’ accuracy
and robustness. Expanding simulation designs to include a wider range of cheating strategies
beyond those predefined here-could provide deeper insight into the performance of detection
methods under more complex and realistic conditions. Additionally, incorporating
supplementary data sources, including item-level response times and detailed logs of test-taker
interactions, may enhance the sensitivity and specificity of cheating detection algorithms.
Exploring alternative distance or divergence measures within multi-stage detection frameworks
also holds promise for improving accuracy. Finally, conducting empirical studies with real
testing data would be valuable to validate simulation results and ensure practical applicability
in operational settings.
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