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Abstract

ROC (receiver operating characteristic) analysis is an important and widely ap-
plied method in diagnostic research. Although it has been extensively used in
diagnostic research in recent years, its application in psychological measurement
research has yet to be reported domestically. Within ROC analysis methods,
this article primarily introduces the application of Bayesian theory-based ROC
analysis (BROC) in psychological measurement. Accordingly, this article first
reviews the development and evolution of ROC analysis methods, then system-
atically examines the application of BROC in psychological measurement with
example simulations, and finally discusses its prospective applications in the
field of psychological measurement.
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Abstract

ROC (Receiver Operating Characteristic) analysis represents an important and
widely applied method in diagnostic research. Although it has been extensively
used in diagnostic studies in recent years, its application in psychological mea-
surement research remains unseen domestically. This paper primarily introduces
the application of Bayesian theory-based ROC analysis (BROC) in psychomet-
rics. To this end, we first review the development and evolution of ROC anal-
ysis methods, then systematically examine BROC applications in psychological
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measurement with practical simulations, and finally discuss its prospective ap-
plications in the field.

Keywords: ROC analysis; Bayesian; psychometrics; diagnostic testing; accu-
racy assessment

Psychological research commonly employs physiological or psychological indi-
cators to quantify mental states and/or traits for predicting and controlling
related behaviors. Consequently, the accuracy assessment of these indicators
constitutes a critical prerequisite for ensuring predictive validity. Questionnaires
and behavioral experiments are frequently used measurement tools in psycho-
logical and behavioral research—for instance, the Big Five Personality Inventory
to reflect personality traits (Lui et al., 2020), the Beck Depression Inventory to
assess individual depression levels (Macchi et al., 2020), and ERP to investigate
internal mental states (Cui et al., 2021). The accuracy of psychometric tools
is essential for research validity. However, previous psychological studies have
typically relied on reliability and validity coefficients to reflect measurement
effectiveness, yielding relatively singular results that cannot intuitively demon-
strate predictive value or directly compare accuracy across different measure-
ment tools. Therefore, developing superior methods to evaluate psychometric
accuracy has become an urgent necessity.

ROC analysis originated in signal detection theory (SDT), initially developed
for radar monitoring and later applied to behavioral responses such as sensory
thresholds (e.g., auditory, visual, and tactile). Today, it is widely used in
psychological and neuroscience experiments (Sumner et al., 2019) and various
other fields including medical diagnostics and machine learning (Obuchowski
& Bullen, 2018; Ma et al., 2019), with implementation available through the
plotROC package in R (Sachs, 2017). In recent years, international research
applying ROC analysis to assess psychometric tool accuracy has grown substan-
tially (Ruddy et al., 2018; Bowers et al., 2019; Thapa et al., 2020), primarily
adapting time-dependent ROC (tROC) and Bayesian ROC (BROC) methods
from diagnostic research for psychological applications. For example, Levis and
Sun (2020) used ROC analysis to compare the diagnostic accuracy of depression
screening scales PHQ-2, PHQ-9, and their combined diagnosis. ROC analysis
also facilitates binary conversion to identify optimal cutoff points for obtaining
additional needed information. Richardson (2018) utilized ROC analysis to de-
termine optimal thresholds for the Problematic Smartphone Use Scale (PSUS),
calculating AUC to evaluate PSUS accuracy and using cutoff points to find
optimal critical values for continuous outcomes.

With advances in computer technology, ROC analysis in medical diagnostics has
evolved to relax gold standard requirements—from binary and ordinal gold stan-
dards to scenarios with no gold standard—while incorporating more covariates,
such as time-dependent ROC analysis and Bayesian methods for gold-standard-
free conditions. The latter enables diagnostic evaluation without gold standards,
completely overcoming the traditional ROC analysis barrier requiring gold stan-
dard presence, thus providing possibilities for research lacking gold standards.
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This development offers important insights for ROC applications in psychome-
tric accuracy assessment. Meanwhile, although ROC analysis has long been
applied in psychology, its use in domestic psychological measurement remains
limited.

Based on this context, this paper first briefly summarizes existing ROC analysis
methods, particularly Bayesian ROC (BROC), then reviews its specific applica-
tions in psychometrics, and proposes future development prospects. The aim is
to “transplant” BROC methodology into psychometrics, thereby expanding its
application scope in psychological research, particularly in psychological mea-
surement.

2. Overview of Common ROC Methods

The ROC curve is a graphical plot with 1-specificity on the x-axis and sensitivity
on the y-axis (see Figure 1 [Figure 1: see original paper]), primarily using
cutoff points and area under the curve (AUC) to reflect diagnostic outcomes
(Mandrekar et al., 2010).

The cutoff point, representing the tangent value at the curve’ s inflection point,
is clinically selected as the value corresponding to the maximum Youden index
—the optimal cutoff—for classifying test results as positive or negative. The
Youden index represents a diagnostic method’ s overall ability to distinguish
patients from non-patients (sensitivity + specificity - 1), with higher values
indicating better screening effectiveness and greater validity (Martinez-Camblor
et al., 2019).

AUC is formally defined as: AUC = y(x)dx, representing the average sensitivity
across all possible specificity values. Tests with higher AUC are considered
more accurate. However, AUC has low sensitivity to indicator changes, making
comparisons based solely on AUC insufficient; thus, reference sensitivity and
specificity values must also be considered (Janssens & Martens, 2020).

Traditional ROC analysis for diagnostic evaluation typically employs the
Yerushalmy paradigm, which compares measured results against a gold
standard. This requires a reliable, stable binary gold standard; otherwise,
sensitivity and specificity cannot be calculated, precluding accuracy evaluation.
Although crucial for ROC analysis, obtaining a stable, appropriate binary
gold standard is challenging. Many clinical disease gold standards are not
binary but ordinal or continuous variables. Moreover, some gold standards are
prohibitively expensive, procedurally complex, ethically problematic, or simply
lack established standards, severely limiting ROC analysis applications (Wang
et al., 2019). To address these issues, researchers have used expert experience
to subjectively convert ordinal variables into binary ones. For instance, Numan
et al. used expert experience to merge three categories into two (Numan et al.,
2019) for ROC analysis, but subjective conversion introduces substantial error.
Alternatively, Chen et al. divided ordinal variables into multiple binary groups
for pairwise comparison, providing direction for ordinal gold standard research,
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but this essentially only extends AUC application without utilizing other ROC
information such as cutoff values (Chen, 2012). In fact, as early as the late
20th century, researchers (Peng et al., 1996) introduced Bayesian theory into
ROC analysis to enable gold-standard-free evaluation. Unlike the traditional
Yerushalmy paradigm, this approach leverages Bayesian theory, focusing not
on finding gold standards but on collecting prior information combined with
clinically validated relevant information while incorporating multiple covariates
to effectively estimate posterior distributions. Flor et al. demonstrated that
Bayesian estimation methods outperform traditional frequentist approaches
(Flor et al., 2020).

Based on different gold standard characteristics, this paper summarizes three
common new methods: ROC analysis under ordinal gold standard conditions,
time-dependent ROC analysis, and ROC analysis without gold standards. The
following sections detail these three approaches, including gold standard char-
acteristics, clinical applications, and evaluations.

2.1 ROC Analysis Under Ordinal Gold Standard Conditions

ROC analysis under ordinal gold standard conditions can evaluate diagnostic
accuracy for ordinal or continuous data and convert ordinal variables into bi-
nary ones as required. The basic process involves pairwise comparison of data
across ordinal states, calculating AUC for each comparison, and finally compar-
ing AUCs to achieve evaluation (Chen, 2012; Obuchowski et al., 2005). For
example, in evaluating the diagnostic value of oxidized low-density lipoprotein
ELISA kits for coronary heart disease, Chen divided subjects into three cate-
gories (diseased, non-diseased, suspicious) based on gold standard. AUC esti-
mation and comparison can be implemented using the nonbinROC package in
R (Paul Nguyen et al., 2007), with more package details and operation methods
available in that study.

2.2 Time-Dependent ROC Analysis (tROC)

tROC analysis extends the concepts of sensitivity and specificity by observing
disease status at each time point, generating different sensitivities and specifici-
ties to obtain a time-dependent ROC curve (Kamarudin et al., 2017). Addition-
ally, it can directly obtain AUC at different time points, yielding an AUC(t)
function plot for intuitive and effective comparison of accuracy across differ-
ent observation times for the same or different measurement indicators. This
method was first proposed by Heagerty and Zheng (2005), whose research uti-
lized three different definitions—cumulative sensitivity and dynamic specificity
(C/D), incident sensitivity and dynamic specificity (I/D), and incident sensitiv-
ity and static specificity (I/S)—to evaluate sensitivity and specificity for time-
dependent events, applicable to different contexts.

tROC analysis can observe continuous disease states in individuals, incorpo-
rate information about disease onset time, construct ROC curves across time
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points, and compare predictive capabilities of various measurement indicators.
It has broad clinical applications. For example, Suzuki et al. used survival
analysis to evaluate the prognostic impact of SIS and mGPS, employing time-
dependent ROC analysis to compare the prognostic effects of various scoring
systems (Suzuki et al., 2018). Lima et al. used ROC methods combining oscil-
lating gradient spin echo (OGSE) and pulsed gradient spin echo (PGSE) with
different diffusion times to explore ADC value changes in differentiating benign
and malignant head and neck tumors (Lima et al., 2019). tROC can be imple-
mented through R packages, with specific references available in Diaz-Coto et
al. (2020).

2.3 Bayesian Theory-Based ROC Analysis Without Gold Standards
(BROC)

The aforementioned ROC methods depend on gold standards, yet many dis-
eases lack gold standards or have prohibitively expensive ones in clinical prac-
tice. Consequently, Peng (1996) proposed introducing Bayesian theory into
ROC analysis, enabling consideration of multiple covariates and calculation of
AUC under different covariate influences even without gold standards, thereby
comparing diagnostic accuracy.

Bayesian theory differs from frequentist statistics by treating probability as
subjective and EKFMERKEBIEANEEZS incorporating individual experiential
information as a crucial component to derive posterior distributions. The funda-
mental principle combines prior distributions with sample likelihood functions to
derive posterior distributions—posterior probability equals prior probability mul-
tiplied by likelihood value. With recent computer technology advances, Bayesian
theory has been widely applied across many fields, particularly in medical di-
agnostic research and psychometric accuracy assessment (Arora & Thorlund,
2019; Goyal & Yolcu, 2019; Park & Lee, 2019). In diagnostic accuracy evalu-
ation studies, the first and most critical step is determining prior information
based on target population data. Subsequently, prior distributions are adjusted
through likelihood functions to derive posterior distributions, enabling estima-
tion of sensitivity and specificity for relevant diagnostic methods; see McClean
et al. (2014) for more details.

Therefore, for diagnostic test evaluation without gold standards, as long as there
is some prior information about the diagnostic test combined with clinically
validated current observational data (though not gold standards), Bayesian the-
ory can derive posterior distributions for diagnostic evaluation indicators, thus
eliminating dependence on gold standards. For example, Amini (2020) used
Bayesian latent class models (LCMs) to link diagnostic test observations with
latent disease states, assessing diagnostic accuracy without perfectly accurate
disease classification. Additionally, BROC can simultaneously consider multi-
ple covariate influences. Compared to previous methods, it essentially liberates
ROC analysis from gold standard constraints, expanding its applications across
medicine, psychology, computer science, and other fields. For instance, Zi-Hui
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Tang (2014) used Bayesian models to evaluate baroreflex sensitivity (BRS) for
predicting cardiovascular autonomic neuropathy (CAN). Without a CAN gold
standard, 2,092 suspected cases were selected with age, blood pressure, and
other covariates, using BRS as the diagnostic criterion and Bayesian latent class
models to assess BRS sensitivity and specificity. Results showed BRS had high
sensitivity and specificity in CAN diagnostic testing, suggesting it as a valu-
able diagnostic tool (Zi-Hui Tang et al., 2014). As early as 2012, QiuWang et
al. proposed applying BROC analysis in education and psychology, combining
Bayesian hierarchical models with ROC analysis to assess how interest strength
(IS) and interest differentiation (ID) predict interest-major congruence (IMC)
in low socioeconomic status (SES) youth (QiuWang et al., 2012). This paper
only introduces Bayesian methods for diagnosis without gold standards, though
Bayesian theory applications extend far beyond, including deep learning, latent
variable modeling, multilevel structural modeling, and experimental data analy-
sis. With increasing interdisciplinary integration, Bayesian theory applications
continue to grow. However, Bayesian models are not perfect, as their empha-
sis on experiential information can introduce subjective bias and affect result
accuracy.

Overall, ROC analysis is a comprehensive method for accurately assessing diag-
nostic accuracy and predictive value, widely applied in medicine and psychology.
In recent years, building on traditional binary gold standard ROC analysis, new
methods have been developed for different clinical conditions, with research
results fully demonstrating their validity.

3. BROC Applications in Psychometrics

As noted in the introduction, although ROC analysis has been applied in psy-
chology for many years, its use has been largely limited to sensory thresholds and
cognitive processing research, fundamentally constrained by binary gold stan-
dards. However, with further development in computer science, ROC analysis
has made significant advances, particularly in diagnostic research. This paper
therefore focuses on “transplanting” ROC methodology into psychology, espe-
cially the insights offered by Bayesian ROC analysis, and summarizes existing
relevant research.

3.1 Quantifying Predictive Value (Accuracy) of Psychometric Tools

In clinical psychology applications, measurement results often require classifica-
tion to facilitate yes/no or presence/absence judgments. For example, in psycho-
logical selection testing, continuous result data must be classified to determine
whether candidates meet organizational requirements; this is particularly crucial
in mental illness measurement, such as using depression scale scores compared
against specific values to diagnose depression. Previous studies often used means
or medians for binary conversion, while in mental illness diagnosis, such as de-
pression scales, fixed scores are typically used for classification. However, such
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classification accuracy cannot be evaluated. BROC analysis can obtain thresh-
old values (cut-off) from curve inflection point tangents and identify optimal
cut-off values using the Youden index to dichotomize continuous variables. As
the best classification indicator in diagnostic research for decades, cut-off values
hold substantial potential for binary conversion in psychology. For instance, in
depression, anxiety, and obsessive-compulsive disorder assessments, ROC curves
can be generated from test results, and combined with physician judgment, can
inform diagnostic decisions. Beyond clinical diagnosis, ROC analysis is also suit-
able for universal psychological screening. For example, Battaglia et al. used
ROC analysis to obtain optimal cutoff points for ESAS physical, psychological,
and global subscales and compare ESAS scores with KTR, ICD-10, and DCPR
diagnoses (Battaglia et al., 2020). Thapa et al. used ROC curve analysis to eval-
uate the accuracy of three-dimensional psychological pain (DPPS) in detecting
high suicide risk among depressed patients with suicidal ideation and attempts
(Thapa et al., 2020).

Questionnaires, as one of psychology’ s most commonly used measurement tools,
are widely applied in trait measurement and mental illness diagnosis research.
Assessing their accuracy and predictive value is essential for ensuring measure-
ment validity. For example, the Big Five personality questionnaire is used to
predict personality traits, measure susceptibility to affective disorders (Wilks et
al., 2020), and predict subjective and psychological well-being (Anglim et al.,
2020). Previous studies primarily used reliability and validity tests, with coef-
ficients like Cronbach’ s alpha reflecting reliability, but these methods cannot
intuitively reflect accuracy and predictive value. BROC analysis can directly
quantify accuracy in specific studies through AUC, compensating for traditional
reliability /validity limitations. For example, Zeinab et al. used BROC analysis
to determine personality traits’ predictive value for psychological problems in
Iranian adults, obtaining ROC curves for three questionnaires and comparing
AUCs to conclude that neuroticism has good predictive value for common psy-
chological problems (Zeinab et al., 2017). Kassing et al. used BROC analysis
to predict adult convictions from early childhood behavior problems (Kassing
et al., 2019). Lin GM (2020) used BROC analysis to evaluate machine learning
models’ accuracy in predicting suicide ideation among military personnel.

Furthermore, BROC analysis is not limited to questionnaire research but also
applies to experimental studies such as magnetic resonance imaging and brain
research. Stevens et al. used BROC to investigate fMRI reliability in preop-
erative brain tumor mapping (Stevens et al., 2016). Raes et al. used BROC
to evaluate transcranial magnetic stimulation (TMS) accuracy and diagnose
equine spinal cord dysfunction using Bayesian latent class models (Raes et al.,
2020). Gu et al. also used BROC analysis to assess MRI diagnostic performance
(Gu, 2019). In mental illness diagnosis research, ICD has traditionally served
as the diagnostic standard, but many psychological traits lack gold standards.
BROC analysis enables accuracy assessment without gold standards, opening
new avenues for psychometric accuracy evaluation.
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3.2 Comparing Measurement Tools Under Different Conditions

ROC analysis can obtain AUC values to enable meaningful comparisons across
different screening or diagnostic tests (Walker, 2019). The same psychological
trait is often measured using different tools—for instance, over five different ques-
tionnaires exist for measuring psychological craving, such as the Dependence
Scale, Drug Craving Questionnaire, Drug Relapse Risk Scale, and Addiction
Craving and Automatic Behavioral Response Scale. Additionally, the same tool
may yield different results under different external conditions. Therefore, re-
lying solely on reliability /validity for effectiveness conclusions is one-sided and
unscientific, and using a single fixed value for binary conversion can bias results,
which ROC analysis effectively avoids. Our review identifies three main types of
measurement tool comparisons: across different subjects, across different time
points, and across different measurement tools.

In psychological research, comparing the same psychological factor across differ-
ent samples has significant theoretical and practical importance. Previous com-
parisons of the same psychological characteristic across different subject samples
typically used parametric tests, which require normally distributed data. BROC
analysis has no distribution requirements and can directly compare differences
across samples using curve plots for more intuitive and clear result presenta-
tion. For certain psychological traits, differences may exist across populations,
leading to accuracy variations across subject groups—for example, occupational
burnout differences across professions can be compared using ROC analysis.

ROC curve methods can independently compare the accuracy of two or more
measurement tools. The same psychological phenomenon or factor may be mea-
sured using different tools due to varying theoretical foundations and dimensions.
Different researchers studying the same psychological issue may use different
scales, but few compare accuracy across scales, potentially leading to incon-
sistent research results that hinder replication and meta-analysis. Researchers
therefore need to compare accuracy across measurement tools, which BROC
analysis can achieve by independently comparing different tools without gold
standards. For example, Chenneville et al. used ROC analysis to compare PHQ
and CES-D utility for depression screening in HIV-infected youth (Chenneville
et al., 2019). Hartung et al. used ROC analysis to evaluate and compare HADS
and PHQ-9 as depression screening tools for cancer patients (Hartung et al.,
2017).

While the above focuses on BROC applications in psychology, tROC analysis is
also an important and valuable method for longitudinal psychological research.
It can not only compare the accuracy of individual measurement tools but also
consider covariates such as time. tROC is currently commonly used in survival
analysis, particularly for predicting survival time in advanced cancer patients.
Although numerous studies have applied it in survival analysis, its use in other
longitudinal research remains rare, and its application in psychology is even
scarcer, despite its considerable potential. For example, Liu et al. used tROC
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analysis to evaluate the dynamic predictive performance of muscle activity over
time, obtaining optimal cut-off values from ROC curves to classify tonic and
phasic muscle activity into mild and severe categories (Liu et al., 2019). Sim-
ilarly, craving measurement scales for individuals in drug rehabilitation may
show varying effectiveness at different time points during treatment, which is
directly relevant to our subsequent research.

In summary, ROC analysis is a research method applicable to psychology,
medicine, and numerous other fields. In recent years, its application in psychol-
ogy has expanded beyond information processing to include comparison and
evaluation of psychometric tools, though overall its use in psychology remains
in its early stages. Systematically and comprehensively reviewing ROC analysis
advances in psychometric accuracy assessment will facilitate broader application
of the method.

4. Practical Demonstration

To better illustrate ROC analysis applications in psychometrics, this paper uses
OpenBUGS software with artificial data to simulate BROC analysis implementa-
tion. BROC analysis first requires selecting an appropriate model, then choosing
and setting different parameters based on practical needs, validating the model,
and finally obtaining ROC curves, AUC, cut-off values, etc. This simulation
examines heroin addiction status in 100 subjects to identify optimal addiction
threshold values and quantify study accuracy. One hundred subjects completed
the Heroin Dependence Scale, with scores recorded. The analysis process fol-
lows.

This simulation assumes 100 subjects: i = 1,2,...,100. Subject questionnaire
scores are denoted as Y, and demographic variables such as age as X;. The
true status of subject ¢ is d; (addicted=1, not addicted=0). Assuming question-
naire scores are continuous variables following normal distributions under both

addicted and non-addicted conditions—two distinct normal distributions:
Y|d=0~ N(a,71)
Y[d=1~ N =a+8,7)
Thus d; follows a binomial distribution: d; ~ Bern(w;), where m, is the proba-

bility of d; = 1 (whether the person is addicted). Incorporating demographic
covariates:

logit(m;) =n+ v * X,

Under the Bayesian model, we assign appropriate prior distributions to these
parameters:
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Assuming parameters “eta,” “psi,” etc., we use Gibbs sampling with repeated
iterations for parameter convergence. This simulation iterates three times, with
results shown in Figure 2 [Figure 2: see original paper|. The overlapping curves
indicate good iteration performance. Additionally, rank correlation analysis
of model parameters shows correlation coefficients approaching 0, indicating
normal model performance (Figure 3 [Figure 3: see original paper]). Finally,
the ROC curve is obtained (Figure 4 [Figure 4: see original paper]) with related
information.

This simulation addresses ROC analysis for continuous variables without gold
standards, applicable not only to questionnaire data accuracy measurement and
classification but also to behavioral experiment results. Specific code for this
simulation is available from the corresponding author.

5. Summary and Outlook

Since ROC analysis was applied to diagnostic research, it has continuously
evolved with clinical needs and technological advances. While some studies
have applied ROC analysis to psychological research, no systematic review of
its specific applications in psychological research exists. This paper not only
summarizes ROC analysis developments but also reviews its specific applica-
tions in psychological research.

We first organized ROC analysis applications under different conditions with
brief implementation introductions, then detailed its applications in psychol-
ogy. As described, ROC analysis itself is relatively mature, with increasing
applications in psychometric accuracy assessment in recent years. However, the
authors identify several issues requiring resolution for broader application in
psychometric evaluation.

First, ROC analysis’ s value in psychometric tool assessment requires more em-
pirical research support. ROC analysis’ s greatest advantage is obtaining ROC
curves for intuitive, independent accuracy comparisons. While ROC analysis
has served as an excellent diagnostic evaluation method in medicine, its role in
psychological measurement—given differences between psychological and physi-
ological indicators—still requires more empirical validation. Additionally, ROC
analysis applications should consider practical contexts, particularly in mental
illness diagnosis, where physicians’ subjective judgments should be integrated
for final decisions.
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Second, BROC’ s application value warrants further exploration. BROC is the
least restrictive ROC method, enabling measurement tool accuracy assessment
without gold standards. This provides a solid foundation for psychological ap-
plications. For example, in substance addiction research, psychological craving
is primarily measured via questionnaires, while relatively objective tools like
EEG still require questionnaire results for anchoring. However, different crav-
ing measurement questionnaires may yield different results, and tool accuracy
may vary across different rehabilitation periods. Moreover, no method currently
exists to quantify craving degree and determine “psychological addiction” status.
Our subsequent research will address this by further applying ROC analysis to
craving diagnosis. Thus, using BROC to evaluate craving measurement tool
accuracy holds significant theoretical and practical importance. Furthermore,
since psychology primarily uses questionnaires and experiments to measure phe-
nomena and behaviors, BROC can independently calculate and compare scale
and experimental result validity without gold standards.

Additionally, ROC analysis can integrate with machine learning and compu-
tational psychiatry for interdisciplinary research. With advances in computer
science, machine learning and computational psychiatry have become research
hotspots, widely applied in image recognition, language processing, data min-
ing, and healthcare (Komura & Ishikawa, 2019; Goecks & Jalili, 2020; Kan,
2017; Crawley & Zhang, 2020), and serving as research tools for advanced psy-
chological processes in psychometrics (Bleidorn & Hopwood, 2018; Shatte &
Hutchinson, 2019). In machine learning, evaluating model accuracy and making
judgments is essential—a step achievable through ROC analysis, where AUC is
an important performance evaluation criterion widely used in imbalanced learn-
ing, cost-sensitive learning, ranking learning, and other tasks (Dwyer & Falkai,
2018). Overall, ROC analysis’ s application scope remains worthy of promotion,
possessing irreplaceable functions. Like a catalyst, ROC analysis can be applied
across all fields requiring accuracy measurement, offering simple operation yet
precise, rich results that can enhance numerous studies.
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