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ABSTRACT

BACKGROUND
Large electronic databases have been widely used in recent years; however, they can be sus‐
ceptible to bias due to incomplete information. To address this, validation studies have been
conducted to assess the accuracy of disease diagnoses defined in databases. However, such
studies may be constrained by potential misclassification in references and the interdepen‐
dence between diagnoses from the same data source.
METHODS
This study employs latent class modeling with Bayesian inference to estimate the sensitivity,
specificity, and positive/negative predictive values of different diagnostic definitions. Four
models are defined with/without assumptions of the gold standard and conditional indepen‐
dence, and then compared with breast cancer study data as a motivating example. Addition‐
ally, simulations that generated data under various true values are used to compare the per‐
formance of each model with bias, Pearson-type goodness-of-fit statistics, and widely
applicable information criterion.
RESULTS
The model assuming conditional dependence and non-gold standard references exhibited
the best predictive performance among the four models in the motivating example data
analysis. The disease prevalence was slightly higher than that in previous findings, and the
sensitivities were significantly lower than those of the other models. Additionally, bias evalu‐
ation showed that the Bayesian models with more assumptions and the frequentist model
performed better under the true value conditions. The Bayesian model with fewer assump‐
tions performed well in terms of goodness of fit and widely applicable information criteria.
CONCLUSIONS
The current assessments of outcome validation can introduce bias. The proposed approach
can be adopted broadly as a valuable method for validation studies.
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INTRODUCTION

n recent years, large electronic databases (DB) have
become prominent in epidemiological studies, with
DBs of administrative claims and electronic medi‐

cal records commonly used1). Although the evidence
derived from these DB studies has already been widely
used for public health, clinical practice, and policymak‐
ing, the potential for information bias poses a significant
concern2). Notably, misclassification of disease occur‐
rence, drug usage, and disease severity are well-
recognized issues, as many DBs lack detailed clinical and
pathological information3). To address these concerns,
validation studies assessing the accuracy of coded algo‐
rithms to define the aforementioned factors against a ref‐
erence have become critical components in demonstrat‐
ing the validity of using DB studies for epidemiologic
research3). A typical validation study is conducted in the
following manner. First, some possible diagnostic defini‐
tions are developed to identify outcome events from elec‐
tronic databases (DB diagnoses), such as diagnosis,
surgery, laboratory tests, treatment, and their combina‐
tions. Second, the gold standards (GSs) with perfect sen‐
sitivity and specificity as references are identified. Third,
these DB diagnoses are subsequently compared with the
GS, and the quantitative measurement of validity, includ‐
ing sensitivity, specificity, and positive predictive value
will be calculated. Although DB diagnosis definition
deemed best is sometimes selected based on the quantita‐
tive measurement of validity2,4), outcome misclassifica‐
tion can cause bias on the estimation unless both the sen‐
sitivity and specificity of the outcome definition equal
1.0. Indeed, when the prevalence of outcome of interest is
very low, the error-prone outcome definitions having a
specificity which are a bit away from 1.0 cause severe bias
on estimation5). Thus, some authors have recommended
that researchers conduct bias-analysis for outcome mis‐
classification based on the performance of outcome defi‐
nition rather than just using the outcome definition with
preferable performance6).

Although validation studies have been conducted to
assess the accuracy of disease diagnosis4), many have
overlooked the possibility of misclassification in medical
charts and disease registries serving as GS references. The
misclassification of reference data can introduce bias into
the findings of epidemiological studies based on DB data.
While some researchers have acknowledged the potential
for misclassification in GS reference when investigating
the impact of residual misclassification in hypothetical
studies7,8), a method to quantitatively evaluate the extent

I
of possible bias and loss of validity in validation studies
has not been fully explored. Furthermore, researchers
often assume independence between DB diagnoses,
meaning that a positive (or negative) result from one
diagnostic definition is not associated with a positive (or
negative) result from another diagnostic definition. How‐
ever, it is natural to expect interdependence among the
DB diagnoses derived from the same data source.

To address these issues, we propose a novel approach
for quantitatively assessing the bias in validation studies.
This approach utilizes the latent class model (LCM),
which is a statistical tool used to model a class variable
with an unknown true status. Since the development of
the Hui and Walter model9) as the foundation of LCMs,
various LCMs have been employed to adjust the biases
stemming from imperfect diagnostic tests and depen‐
dence among DB diagnoses by incorporating a condi‐
tional dependence structure as a fixed effect10–12) or
random effect13,14), explanatory covariates15), non-constant
accuracy rates16), and extension to the Bayesian approach17).
However, the application of LCMs in validation studies
remains underexplored.

Our research introduces a new application of Bayesian
latent class model (BLCM)17) to validation studies.
Although implementing BLCM can be challenging owing
to the privacy protection of subject-level datasets, there
are scenarios in which the frequency data can be repli‐
cated from summary tables. Specifically, we adopted
BLCM17) for a case involving three diagnostic tests, where
the frequency data could be reproduced from the sum‐
mary table of Sato et al.18). The BLCM allows for the
consideration of constraints on specific parameters,
aligning with the conventional setting of validation
studies, including the GS assumption. Therefore, the
reproducibility of the existing study results can be assessed
and compared with the results of another setting.

In this study, we evaluated various models, ranging
from those with strict assumptions akin to existing vali‐
dation studies, such as GS and conditional independence,
to those in which these assumptions were relaxed. Our
results indicate that when neither GS nor conditional
independence was assumed, the indices of diagnostic
accuracy deviated significantly from those of existing val‐
idation studies and outperformed other models. These
findings suggest that existing outcome validation assess‐
ments may introduce bias into DB diagnoses and warrant
reevaluation using the proposed approach.
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METHODS

NOTATION AND MODEL
We now explain the notation used in this study. First, we
represent the results of the diagnostic tests represented by
Tjk, where k(=1, ..., K) corresponds to subject k and
j(=1, ..., J) corresponds to the test, with Tjk = 1 indicating
a positive result and Tjk = 0 a negative result.

A binary latent variable, Dk, represents the presence or
absence of the disease of interest in subject k, with Dk = 1
indicating the presence of the disease and Dk = 0 indicat‐
ing its absence. Since a disease cannot be directly
observed and can only be inferred from the results of
imperfect tests, we define the prevalence of the disease in
a population as P(D = 1). To note, we omit the subject’s
index k because fixed-effects models are considered. The
accuracy indices for diagnostic tests are formulated as
follows. The sensitivity of test j is considered a random
variable, denoted as Sj, and is defined as the conditional
probability of a positive test result given that those sub‐
jects have a disease (Sj = P(Tj = 1|D = 1)). The specificity
of test j is also treated as a random variable and denoted
as Cj(= P(Tj = 1|D = 0)). To account for situations where
the true disease status cannot be observed, we introduce
a latent parameter π representing the prevalence of the
disease in a population (π = P(D = 1)). With the preva‐
lence, sensitivity and specificity, positive predictive value
(PPV) is expressed as P(D = 1|Tj = 1) = πSj/(πSj + (1 − π)
(1 − Cj)). Negative predictive value (NPV) is also repre‐
sented as P(D = 0|Tj = 0) = (1 − π)Cj/(π(1 − Sj) + (1 −
π)Cj). The unconditional probability of a diagnostic result
can then be expressed as the sum of two conditional
probabilities, given the latent class D(=0, 1), as follows:

P T j = 1
= πP T j = 1 D = 1 + 1 − π P T j = 1 D = 0 (1)

In addition, we model the conditional dependence
between pairs of tests (indices with l(=1, ..., J) and
h(>l, =2, ..., J) by introducing covariances for both sensi‐
tivity (Cov(Sl, Sh)) and specificity (Cov(Cl, Ch)).

P T l = 1,  Tℎ = 1
= π P T l = 1 D = 1 P Tℎ = 1 D = 1

+ −1 tl − tℎ Cov Sl,  Sℎ

+ 1 − π P T l = 1 D = 0 P Tℎ = 1 D = 0
+ −1 tl − tℎ Cov Cl,  Cℎ (2)

Note that tl, th are the observed test results for subject k
and tests l and h(>l). Based on this setting, we derive the

likelihood function (see the Supplemental Document).
Formulas for the likelihood function and conditional dis‐
tributions for general cases can be found in17).

MOTIVATING EXAMPLE AND SETTING
In this study, we reinvestigate the data from Sato et al.18)

as a motivating example. Their study assessed the accu‐
racy of definitions for identifying breast cancer cases
using 14 distinct definitions derived from medical claims
data primarily sourced from Diagnosis Procedure
Combination (DPC) claims19). These claims include
information on disease diagnosis codes, surgical proce‐
dures, laboratory tests, drug use, and radiation therapy.
Furthermore, they identified 633 breast cancer cases as
the reference GS subjects by referencing the in-house
cancer registry at St. Luke’s International Hospital. Using
this GS, they estimated the sensitivity, specificity, and
positive predictive value (PPV) for these 14 definitions,
which were aggregated within the DPC claims for 50,056
participants in 2011.

Although subject-level datasets, including motivating
examples, are generally unavailable in existing validation
studies, it is possible to replicate frequency data from
summary tables for specific patterns. For example, the
presence of a positive result under one definition is a nec‐
essary condition for a positive result under another. By
establishing the necessary conditions as constraints
among multiple definitions, it is possible to reproduce the
frequencies from a summary table. In this study, among
the 14 diagnoses examined by Sato et al.18), we focused on
two specific diagnostic definitions: Definition 1, the
broadest definition that merely mentions a single condi‐
tion “with a diagnosis” (it corresponds to Definition 1 in
Sato et al.18)), and Definition 2, which includes an addi‐
tional condition “with surgery, chemotherapy, drug ther‐
apy, or radiation therapy” (it corresponds to Definition
12 in Sato et al.18)). Notably, Sato et al.18) found that Defi‐
nition 2 demonstrated the best performance among all
definitions. Additionally, we consider the registry diagnosis
as the reference, which Sato et al.18) regarded as the GS, and
then total J = 3 (j = 1, 2[DBs], 3[registry]) in this study.

Both the DB and registry diagnoses were categorized
as dichotomous values: + (positive) or – (negative). The
corresponding frequencies of the results for each DB
diagnosis (1 and 2) and registry diagnosis are summa‐
rized in Table 1. The corresponding probabilities are
summarized in a 4 × 2 contingency table (Table 2).
Notably, all components in the third row are zero because
a positive result in Definition 1 is a prerequisite for a
positive result in Definition 2.
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Although this study presents a formulation that
includes only two definitions in terms of data availability,
it can be readily extended to more general scenarios (i.e.,
involving four or more diagnostic definitions) once
subject-level datasets become available.

SETTING FOR BAYESIAN INFERENCE
To explore various scenarios, we investigate four models
based on assumptions regarding GS for registry diagnosis
(S3 = C3 = 1) and conditional independence (Cov(Sl, Sh(>l))
= Cov(Cl, Ch(>l)) = 0). Model 1 assumes both GS and con‐
ditional independence. Model 2 assumes conditional
independence but not GS. Model 3 assumes GS but not
conditional independence. Finally, Model 4 assumes nei‐
ther GS nor conditional independence.

The number of parameters to be estimated varies
depending on the model. Specifically, in the most com‐
plex Model 4, the number of parameters is 13 (preva‐
lence, three sensitivities, three specificities, and six
covariances), which exceeds the degrees of freedom of
the model represented by the number of independent
multinomial cell frequencies for three diagnostic tests
minus one (7 = 23 − 1). Therefore, we opt for Bayesian
estimation. In Bayesian inference, the prior distributions
are defined as follows. First, the prevalence (π) and sensi‐
tivity and specificity are assumed to follow beta distribu‐
tions with distinct parameters:

π beta απ, βπ (3)

Table 1 Frequencies corresponding to the results of DB diagnoses 1 and 2 and registry diagnosis

DB1a DB2b Registryc Frequency

+ + + 572

+ + − 83

+ − + 53

+ − − 242

− + + 0

− + − 0

− − + 8

− − − 49,098

a DB diagnosis is defined as “with a diagnosis” only.
b DB diagnosis is defined as “with a diagnosis” and “with surgery, chemotherapy, drug therapy, or radiation therapy.”
c Registry diagnosis as a reference.
+, positive; −, negative, as diagnosis results.

Table 2 Contingency table associated with the results of the definitions of diagnoses

Registry diagnosisa

Marginal probability
(+) (−)

DB diagnoses (DB1, DB2)b

(+, +) P(T1 = 1, T2 = 1, T3 = 1) P(T1 = 1, T2 = 1, T3 = 0) P(T1 = 1, T2 = 1)

(+, −) P(T1 = 1, T2 = 0, T3 = 1) P(T1 = 1, T2 = 0, T3 = 0) P(T1 = 1, T2 = 0)

(−, +) 0 0 0

(−, −) P(T1 = 0, T2 = 0, T3 = 1) P(T1 = 0, T2 = 0, T3 = 0) P(T1 = 0, T2 = 0)

Marginal probability P(T3 = 1) P(T3 = 0) 1

a Registry diagnosis as a reference.
b In definition 1 (DB1) considers only a single condition such as a disease code. In Definition 2 (DB2), additional conditions such as treatment and
procedure were considered.
+, positive; −, negative, as results for each diagnostic definition.
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Sj beta αSj, βSj (4)

Cj beta αCj, βCj (5)

The covariances of sensitivity and specificity are also
assumed to follow beta distributions with boundary con‐
straints. The upper bound is included to maintain the
sensitivity and specificity within a range of 0 to 1. The
lower bound is included because the two diagnostic tests
are expected to positively correlate.

0 ≤ Cov Sl,  Sℎ > l ≤ min Sl,  Sℎ − SlSℎ (6)

0 ≤ Cov Cl,  Cℎ > l ≤ min Cl,  Cℎ − ClCℎ (7)

Cov Sl,  Sℎ > l beta αcovsl, ℎ, βcovsl, ℎ (8)

Cov Cl,  Cℎ > l beta αcovcl, ℎ, βcovcl, ℎ (9)

We assume that the frequencies corresponding to each
possible combination of diagnostic test results (nt1, t2, t3)
follow a multinomial distribution with probabilities
pt1, t2, t3, and a total of K subjects.

nt1, t2, t3 Multinomial pt1, t2, t3,  K (10)

The probabilities pt1, t2, t3, which is a simplified form of
P(T1 = t1, T2 = t2, T3 = t3), are defined from prevalence
(π), sensitivities (Sj), specificities (Cj), and these covari‐
ances, e.g.,
p1,1,1 = π(S1S2S3 + Cov(S1, S2) + Cov(S1, S3) + Cov(S2, S3) +
(1 − π)((1 − C1)(1 − C2)(1 − C3) + Cov(C1, C2) +Cov(C1,
C3) + Cov(C2, C3)).

In addition to estimating the posterior distribution of
each parameter, we calculate the widely applicable infor‐
mation criterion (WAIC)20) for model comparison. This
approach is chosen over a deviance-based criterion
because the latent class model is a singular statistical model.

For each parameter, to eliminate arbitrariness, we
assume non-informative priors, with απ = βπ = 1 for
disease prevalence, αSj = 1, βSj = 1 for sensitivity, and
αCj = 1, βCj = 1 for specificity, and αCov Sl,  Sℎ = βCov Sl,  Sℎ

= αCov Cl,  Cℎ = βCov Cl,  Cℎ = 1 for covariances. However,
given the purpose of diagnostic testing and the expecta‐
tion of low breast cancer prevalence, high specificity a
high NPV of >99%, respectively, and a sensitivity of
>50%, informative priors may be considered for better
convergence, especially considering non-identifiability21).

In the specified scenario, we run the Gibbs sampler

with iterations ranging from 50,000 to 500,000 and a
thinning interval of 10 to 500, depending on the model’s
complexity, after discarding the initial 10,000/50,000 iter‐
ations as adaptation/burn-in. Three chains are employed,
each initialized close to the expected results.

SIMULATION SETTING
The aim of the simulations is to assess the accuracy of the
four models proposed in the previous section when
applied to simulated datasets generated for various sce‐
narios. The process of simulating frequencies for the
results of three diagnostic tests (shown in Table 3, note
that it is rounded to three decimal places) was as follows.
As an initial step, we set probabilities following a multi‐
nomial distribution based on the estimated results of
each model. For instance, in line with Model 4, we set the
parameter value π as 0.016127, (S1, S2, S3) as (0.92468,
0.75175, 0.72003), (C1, C2, C3) as (0.99572, 0.99878,
0.99872), and these covariances. These parameter values
allowed us to define the expected probabilities of the
multinomial distribution, such as p1,1,1, which were
expected to be 0.011411 (see Equation (10) and the fol‐
lowing definitions). Detailed lists of the parameter set‐
tings and expected probabilities are provided in Supple‐
mental Table 1.

We then generated frequency data for each model
scenario, comprising 10,000 participants from a multino‐
mial distribution. This random sampling process was
repeated 1,000 times, resulting in 4,000 datasets. For
these 4,000 datasets, we applied Bayesian estimation
using Models 1–4; these settings were similar to those
used in the primary analyses. In addition, a frequentist
model (corresponding to Sato et al.18) approach) was also
applied as follows; prevalence, sensitivities, and specifici‐
ties were estimated from simulated frequencies as n.,.,1/N,
S1 = n1,.,1/n.,.,1, S2 = n.,1,1/n.,.,1, C1 = n0,.,0/n.,.,0, C2 = n.,0,0/n.,.,0.

As a measure of bias for prevalence, sensitivities and
specificities were investigated as the difference between
estimated values and the true values set in the simulation
as π − π ,   Sj − Sj ,   Cj − Cj  for each simulation step
and then calculated those means and standard devia‐
tions. For a comparison of predictivity, we calculated the
WAIC20) (except for the frequentist’s model). Addition‐
ally, we calculated a Pearson-type statistic as a measure of
goodness-of-fit22), defined from the observed frequencies
generated during the simulation (nt1, t2, t3) and expected fre‐
quencies estimated from each model (nt1, t2, t3 = pt1, t2, t3 × K)
for various test combinations (t1, t2, t3 = 0, 1) as follow:
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G = ∑
t1, t2, t3 = 0,1

nt1, t2, t3 − nt1, t2, t3
2

nt1, t2, t3

(11)

RESULTS

ANALYSIS RESULTS
Table 3 shows the posterior means of the parameters for
all model patterns, along with the reference results of
Sato et al.18). The key findings are as follows. In Model 1,
which closely mirrors the setting of Sato et al.18) model,
our results aligned closely with theirs. Disease prevalence
was estimated to be 0.013, and the sensitivity and PPV of
DB Definition 2 (0.902, 0.872) were preferable to those of
DB Definition 1 (0.986, 0.657). In Model 2, in which the
registry diagnosis did not consider GS, the results dif‐

fered slightly from those of Model 1. The disease preva‐
lence was slightly higher at 0.014 and the sensitivity of
the registry diagnosis was estimated at 0.872, approxi‐
mately ten percentage points lower than that of Model 1.
A similar trend was observed for diagnostic Definitions 1
and 2 of the DB diagnoses, with slight increases in sensi‐
tivity and PPV (0.998 and 0.753 for Definition 1 and
0.914 and 0.998 for Definition 2, respectively). Model 4,
which assumes conditional dependence and lacks GS,
yielded distinct results. Disease prevalence was slightly
higher (0.016), and sensitivities were estimated to be sub‐
stantially lower in the other three models: 0.925 in Defi‐
nition 1 and 0.752 in Definition 2. However, the PPVs
were slightly higher (0.779 for Definition 1 and 0.908 for
Definition 2). Specificities and NPVs were consistently
high (> 99 %) for all diagnostic definitions across model

Table 3 Results summary table: Posterior means of the prevalence and test parameters obtained from four different mod‐
els with Sato et al.’s18) results as a reference.

Conditional independence Conditional dependence

GS Non-GS GS Non-GS

Sato (2015) Model 1 Model 2 Model 3 Model 4

π 0.013 0.013 0.014 0.014 0.016

S1 0.987 0.986 0.998 0.928 0.925

S2 0.904 0.902 0.914 0.855 0.752

S3 — — 0.872 — 0.720

C1 0.993 0.993 0.995 0.994 0.996

C2 0.998 0.998 1.000 0.999 0.999

C3 — — 1.000 — 0.999

PPV1 0.658 0.657 0.753 0.689 0.779

PPV2 0.873 0.872 0.998 0.933 0.908

PPV3 — — 0.986 — 0.901

NPV1 1.000 1.000 1.000 0.999 0.999

NPV2 0.999 0.999 0.999 0.998 0.996

NPV3 — — 0.998 — 0.995

WAIC — 12,454.0 11,536.8 11,618.6 11,536.5

GS, a model in which registry diagnosis was assumed to be the gold standard; non-GS, a model in which registry diagnosis was assumed to be the
gold standard.
π, prevalence; Sj, sensitivity; Cj, specificity; PPVj, positive predictive value; NPVj, negative predictive value; subscript j is an index of diagnostic
definitions where j = 1, 2 [DBs], 3 [registry]. WAIC, a widely applicable information criterion, is used for model comparison.
For each parameter, to eliminate arbitrariness, we assume non-informative priors, with απ = βπ = 1 for disease prevalence, αSj = 1, βSj = 1 for sensi‐
tivity, and αCj = 1, βCj = 1 for specificity, and αCov Sl,  Sℎ = βCov Sl,  Sℎ = αCov Cl,  Cℎ = βCov Cl,  Cℎ = 1 for covariances.
The Gibbs sampler has iterations ranging from 50,000 to 500,000 and a thinning interval of 10 to 500, depending on the model’s complexity, after
discarding the initial 10,000 and 50,000 iterations as adaptation and burn-in, respectively.

ANNALS OF CLINICAL EPIDEMIOLOGY

82



patterns. Model 4 exhibited the lowest WAIC value,
demonstrating the best predictive performance among all
the models.

Furthermore, when considering alternative combina‐
tions of diagnostic definitions for DB “with a diagnosis”
AND “with a diagnosis code related to breast cancer or
marker test code,” similar results were observed (frequen‐
cies are detailed in Supplemental Table 2, and results are
shown in Supplemental Table 3).

SIMULATION RESULTS
Table 4 presents means and standard deviations of bias
for prevalence, sensitivities, and specificities. In sum‐
mary, the following trends were confirmed in all data
generation Scenarios 1 to 4. Regarding the bias in preva‐
lence, the Bayesian model corresponding to each sce‐
nario (results on the diagonal elements) showed the
minimum values, or in other cases, a value that was
almost the same as the minimum values. Regarding
sensitivities, there was a tendency for the model corre‐
sponding to each scenario (results on the diagonal ele‐
ments) to correspond to the smallest values or the second
smallest values. Model 4 differed from the other models
in that it showed a substantial bias in Scenarios 1 to 3,
with the absolute value reaching a maximum of about 0.3
in some cases. Regarding specificity, in all scenarios, the
bias values for each model remained at around three dec‐
imal places, indicating minimal bias. In the frequentist’s
model, it showed better results in Scenarios 1 to 3, with
the mean bias value being the same or smaller than any
of the Bayesian models. However, in some cases, the esti‐
mates fell into corner solutions (probability values of 0 or
1). In Scenarios 1, 2, and 4, such cases were observed in
about 10–15% of the total number of simulations.

Table 5 summarizes the median Pearson-type statistics
and WAIC for each data-generating scenario and model.
Model 4 consistently achieved the lowest Pearson-type
statistics and WAIC across all scenarios, except for the
WAIC in Scenario 1. These results demonstrate the con‐
sistently favorable performance of Model 4, regardless of
the data-generating scenario. Notably, the diagonal ele‐
ments in the table do not significantly differ from the
lowest values, suggesting that each model is suitable for
its respective data-generating scenarios. The frequentist
model had smaller goodness-of-fit values than any of the
Bayesian models in Scenario 1. However, in the other
scenarios, it showed substantially larger values than any
other Bayesian model. Additionally, as previously men‐
tioned, it should be noted that the goodness-of-fit index
could not be calculated in some cases owing to the corner

solutions for probabilities.

DISCUSSION

This study utilized a Bayesian latent class model to inves‐
tigate the diagnostic accuracy of publicly available data.
Our analysis revealed discrepancies from the existing
findings when we assumed conditional dependence and a
non-GS diagnosis. Disease prevalence was slightly higher
(0.016), with lower sensitivities estimated at 0.925 in Def‐
inition 1 and 0.752 in Definition 2. Conversely, slightly
higher PPVs were observed at 0.779 for Definition 1 and
0.908 for Definition 2. Model 4 exhibited the best predic‐
tive performance among all investigated models.

In the simulation study, the results of the bias evalua‐
tion showed that the Bayesian models with more
assumptions and the frequentist’s model performed bet‐
ter under the true value conditions. However, although
the estimates of the diagnostic tests from the frequentist’s
model were close to the true values, unfavorable results
were obtained regarding goodness-of-fit. A possible rea‐
son for this is, as mentioned above, the probability of
diagnostic tests falling into a corner solution (goodness-
of-fit cannot be defined) in some cases. Furthermore,
conditional independence and GS assumptions may be
corrupted in the calculation of multinomial probabilities
based on estimates of diagnostic accuracy. The Bayesian
model with fewer assumptions performed well in terms
of goodness-of-fit statistics and WAIC, regardless of the
data-generating scenario. Because the true value is gener‐
ally unknown, we believe that it is appropriate to primar‐
ily use the Bayesian model with fewer constraints, com‐
pare other models, and determine the most favorable
diagnostic definition.

These findings are of paramount significance because
the existing validation study results have been widely uti‐
lized to determine outcome definitions in subsequent
epidemiological studies. A biased outcome definition
may introduce bias in subsequent epidemiological studies
that rely on these definitions. Although some epidemio‐
logical studies have incorporated sensitivity analyses to
account for the uncertainty in outcomes, accurately
quantifying bias has been challenging. The importance of
sensitivity analyses remains unquestioned, and the
Bayesian latent class model may help in quantitative bias
assessment.

This study had some limitations. First, it is a single-
case evaluation based on a limited number of diagnostic
definitions from a single case study owing to data limita‐
tions. Therefore, the generalizability of these findings
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Table 4 Summary of results: Means and standard deviations (SDs) of bias for prevalence, sensitivity, and specificity

Mean (SD)
Conditional independence Conditional dependence

Sato (2015)a GS Model 1 Non-GS Model 2 GS Model 3 Non-GS Model 4

Scenario 1 (CI & GS)

π 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.003 (0.001)

S1 −0.000 (0.010 −0.019 (0.010) −0.018 (0.009) −0.024 (0.009) −0.140 (0.015)

S2 −0.001 (0.027) −0.013 (0.025) −0.014 (0.025) −0.029 (0.025) −0.209 (0.027)

S3 — — −0.024 (0.003) — −0.297 (0.008)

C1 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) −0.001 (0.001) 0.000 (0.001)

C2 0.000 (0.000) 0.005 (0.000) 0.005 (0.000) 0.005 (0.000) 0.004 (0.000)

C3 — — 0.006 (0.000) — 0.004 (0.000)

Scenario 2 (CI & non-GS)

π −0.002 (0.001) −0.002 (0.001) 0.000 (0.001) −0.001 (0.001) 0.003 (0.001)

S1 −0.014 (0.011) −0.033 (0.010) −0.018 (0.003) −0.092 (0.016) −0.100 (0.006)

S2 −0.013 (0.026) −0.025 (0.024) −0.014 (0.023) −0.079 (0.024) −0.228 (0.018)

S3 — — −0.010 (0.027) — −0.213 (0.022)

C1 −0.002 (0.001) −0.002 (0.001) 0.000 (0.001) −0.001 (0.001) 0.000 (0.001)

C2 −0.002 (0.000) 0.003 (0.000) 0.004 (0.000) 0.004 (0.000) 0.003 (0.000)

C3 — — 0.004 (0.000) — 0.003 (0.000)

Scenario 3 (CD & GS)

π 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.000 (0.001) 0.003 (0.001)

S1 0.000 (0.022) −0.013 (0.021) 0.050 (0.003) −0.023 (0.017) −0.057 (0.011)

S2 −0.000 (0.030) −0.008 (0.028) 0.048 (0.023) −0.021 (0.026) −0.182 (0.017)

S2 — — −0.082 (0.021) — −0.284 (0.020)

C1 0.000 (0.001) 0.000 (0.001) 0.001 (0.001) 0.000 (0.001) 0.001 (0.001)

C2 0.000 (0.000) 0.005 (0.000) 0.005 (0.000) 0.005 (0.000) 0.004 (0.000)

C3 — — 0.004 (0.000) — 0.003 (0.000)

Scenario 4 (CD & non−GS)

π −0.003 (0.001) −0.003 (0.001) −0.002 (0.001) −0.002 (0.001) 0.001 (0.001)

S1 0.060 (0.011) 0.041 (0.010) 0.055 (0.003) −0.019 (0.016) −0.026 (0.006)

S2 0.149 (0.027) 0.137 (0.025) 0.148 (0.024) 0.082 (0.024) −0.066 (0.018)

S3 — — 0.141 (0.027) — −0.061 (0.022)

C1 −0.002 (0.001) −0.003 (0.001) −0.001 (0.001) −0.002 (0.001) 0.000 (0.001)

C2 −0.000 (0.000) 0.002 (0.000) 0.004 (0.000) 0.003 (0.000) 0.002 (0.000)

C3 — — 0.004 (0.000) — 0.002 (0.000)

a This model is associated with frequentist’s model: prevalence, sensitivities, and specificities were estimated from simulated frequencies as n.,.,1/N, S1 = n1,.,1/n.,.,1, S2 = n.,1,1/
n.,.,1, C1 = n0,.,0/n.,.,0, C2 = n.,0,0/n.,.,0. In this model, some results were corner solutions (probability values of 0 or 1); in these cases, the goodness of fit could not be calculated.
In Scenarios 1, 2, and 4, such cases were observed in approximately 10%–15% of the total number of simulations.
GS, a model in which registry diagnosis was assumed to be the gold standard; non-GS, a model in which registry diagnosis was assumed to not be the gold standard.
π, prevalence; Sj, sensitivity; Cj, specificity; PPVj, positive predictive value; NPVj, negative predictive value; subscript j is an index of diagnostic definitions where j = 1, 2
[DBs], 3 [registry]. CI, conditional independence; CD, conditional dependence.
The shaded numbers show the minimum values of the mean bias among the Bayesian models for each parameter in each scenario. Note that the minimum values of the
mean bias were not identified for S3 and C3 in Scenarios 1 and 3 (assumed GS) because these values were set deterministically to one.
Generated frequency data for each model scenario comprising 10,000 subjects from a multinomial distribution. This random sampling process was repeated 1,000 times,
resulting in 4,000 datasets. For these 4,000 datasets, we applied Bayesian estimation using Models 1 to 4, with settings similar to those used in the primary analyses, as
well as the frequentist’s model.
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should be assessed using data from other studies. Second,
this study employs classical methods, and there are more
sophisticated approaches, such as those involving higher-
order correlation parameters23) and hierarchical struc‐
tures24). Future studies on the implementation of these
advanced methods are required. Further to note, we
made two key assumptions: non-differential misclassifi‐
cation of the outcome25) and consistent performance of
the outcome definition across the entire population in the
validation study. If there are concerns about differential
misclassification among factors or the consistency of
effects across the population, it may be feasible to extend
the model. This could involve incorporating exposure
factors or subject-specific information as explanatory
variables in the latent class model to evaluate their
impact. In such scenarios, however, it is crucial to pay
heightened attention to the convergence of the Markov
Chain Monte Carlo due to the increased complexity of
a model.

In our study, we advocate for the use of non-
informative priors to mitigate researcher bias and ensure
the robustness of Markov Chain Monte Carlo conver‐
gence. However, we acknowledge that in validation stud‐
ies, prior knowledge on disease prevalence and diagnos‐
tic test accuracy can be beneficial. As such, incorporating
this preliminary information is deemed acceptable. This
approach aligns with the approach applied by Pereira da

Silva et al.21), which involves eliciting expert opinions and
integrating the derived minimum and maximum values
into the parameters of the beta distribution. This method
effectively leverages existing knowledge while maintain‐
ing scientific rigor.

Moreover, in the context of validation studies, the
selection of the most appropriate diagnostic definition
can be a formidable challenge, particularly when no sin‐
gle definition uniformly outperforms the others. Even
when a superior definition is available, a consensus on
the optimal choice may not be attained. It is important to
emphasize that the assessment undertaken in this study is
inherently model based and founded on statistical evalu‐
ations, representing only one facet of the broader process.
A comprehensive assessment encompassing the clinical
validity and other relevant considerations should guide
the decision. When implementing diagnostic definitions
derived from validation studies in practical epidemiolog‐
ical research, keen awareness of the potential for outcome
definitions to deviate from the true underlying states is
required, and a diverse sensitivity analysis should be con‐
sidered. While this study primarily offers a statistical
evaluation within the scope of outcome validation, it
underscores the significance of holistic decision-making,
thoughtful sensitivity analyses, and informed interpreta‐
tion of results in the broader landscape of epidemiology.

Table 5 Median Pearson type statistics and WAIC for the data-generating scenarios and models

Upper: median Pearson-type statisticsa

Lower: median WAIC

Conditional independence Conditional dependence

GS Non-GS GS Non-GS

Sato (2015)b Model 1 Model 2 Model 3 Model 4

Scenario 1 0.4
NA

2.9
2,503

9.0
2,515

5.6
2,510

2.7
2,505

Scenario 2 2,486.0
NA

1,957.0
2,509

9.3
2,341

15.8
2,349

3.1
2,330

Scenario 3 1,430.0
NA

941.1
2,457

8.2
2,345

3.4
2,336

2.6
2,336

Scenario 4 2,485.0
NA

1,954.0
2,508

9.3
2,339

15.7
2,345

3.1
2,328

a The Pearson type statistics defined as the square of (observed frequencies generated from simulation—expected frequencies estimated from the
Bayesian model) divided by expected frequencies.
b This model is associated with frequentist’s model: prevalence, sensitivities, and specificities were estimated from simulated frequencies as n.,.,1/N, S1

= n1,.,1/n.,.,1, S2 = n.,1,1/n.,.,1, C1 = n0,.,0/n.,.,0, C2 = n.,0,0/n.,.,0. In this model, some results were corner solutions (probability values of 0 or 1); in these cases,
the goodness of fit could not be calculated. In scenarios 1, 2, and 4, such cases were observed in approximately 10%–15% of the total number of
simulations.
In each scenario 1–4, the observed frequency data of 10,000 subjects were generated 1,000 times via random sampling from a multinomial distribu‐
tion with these parameters set similar to each model 1–4.
The shaded numbers show the minimum values of the median Pearson type statistics and median WAIC in each scenario.
WAIC, a widely applicable information criterion, is used for model comparison.
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CONCLUSIONS

In conclusion, our study emphasizes that the practice of
assuming registry diagnosis as the GS can introduce bias
into DB diagnosis. Thus, the proposed approach is a
valuable tool for consideration in validation studies. In
the future, we intend to conduct further research to
explore more advanced methods and apply them to
actual case data.
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