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Abstract

The global impact of the Covid-19 pandemic has highlighted the urgent necessity for the development of rapid,
effective diagnostic methods. Rapid antigen tests (RAT) have emerged as a key tool in this regard due to their
speed and cost-efficiency. Nevertheless, the accurate interpretation of RAT results is challenging due to various
factors, including the viral load, the quality of the sample, and the patient's status. This study demonstrates
the advantages of Bayesian methods, which are capable of propagating posterior uncertainty in the form
of the entire posterior distribution. It also highlights the benefits of using informative priors, which significantly
reduce uncertainty in diagnostic parameters, lower false negative rates, and improve clinical decision-making.
The results emphasize the need for precise interpretation of RAT results including uncertainty. Employing
Bayesian simulations for posterior predictive values can reduce diagnostic errors and improve public health
outcomes by upgrading the performance of RATs and explicitly propagating posterior uncertainty in clinical
diagnosis, as described in this study.
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INTRODUCTION

The Covid-19 pandemic has highlighted the urgent global need for rapid, effective and accurate diagnostic
methods. Rapid antigen testing has emerged as a crucial tool in combating the spread of SARS-CoV-2 due to
its time efficiency, relative simplicity, and affordability. However, accurate and critical interpretation
of the results of these diagnostic tests is essential. There are many factors that influence the performance
of these tests, such as viral load, sample quality, collection method and performance, sample processing,
stage or timing of the test in an ongoing infection, as well as individual patient status. Tests can be subject
to errors and a positive or negative result may not always indicate the true status of the infection.

An accurate interpretation of diagnostic test results necessitates the consideration of both the test
characteristics and contextual factors, such as disease prevalence. The prevalence of disease can vary
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based on the indications for testing, the clinical symptoms exhibited, or the preventive screening being
conducted. Diagnostic test accuracy is defined by two key parameters: sensitivity (the probability
of a positive result in truly diseased individuals) and specificity (the probability of a negative result
in truly non-diseased individuals). The quantification of these parameters and the associated error
rates (false negatives (FN) and false positives (FP)) is of critical importance. The number of false results
is contingent upon the prevalence of disease in the tested population. Failure to account for this can have
significant epidemiological and economic consequences. False negative test results promote the spread
of the disease in the population and increase the risk of infection. Its importance increases especially
in so-called “sensitive” patient groups, gerontological, immunosuppressed or oncological patients, for
whom infection status becomes a potentially life-threatening complication. On the other hand, false
positive results carry the risk of erroneous placement of patients in isolation wards where the risk
of infection is high and this error rate is associated with direct risk to patients.

It is crucial to consider not only the point estimates of the positive predictive value (PPV) and negative
predictive value (NPV) but also the uncertainty surrounding these estimates. A significant challenge
is accurately interpreting test results and reducing diagnostic uncertainty. Retesting costs are often negligible
in comparison to the potential economic, health, and epidemiological consequences of misdiagnosis.
Clinicians stand to benefit from an understanding of both the point estimate of PPV or NPV and
the uncertainty associated with these values.

Bayesian methods provide a powerful approach to expressing PPV as a probability distribution.
By employing posterior MCMC simulators, Bayesian methods can simulate marginal distributions
of test parameters, such as sensitivity, specificity, and prevalence. This approach quantifies uncertainty
in the form of posterior credible intervals. This article demonstrates how Bayesian analysis, incorporating
external information for prevalence specification, can reduce uncertainty, achieve more accurate test
interpretations, quantify diagnostic uncertainty, and reduce false positives and negatives. In the context
of an emerging epidemic, our understanding of the development and manifestation of the disease, its
treatment and the possibility of preventive measures is burdened with considerable uncertainty. Bayesian
inference is a natural method for synthesizing dynamic, time-varying information, effectively representing
and propagating uncertainty through posterior distributions of parameters.

1LITERATURE SURVEY

The Bayesian approach has significantly enhanced the precision of pre- and post-test probabilities
in the diagnostic accuracy of tests detecting SARS-CoV-2 virus, offering a powerful tool for addressing
the uncertainties and biases inherent in diagnostic testing. Good et al. (2020) employed Bayesian
methodology and point estimates to compare two different scenarios with different pre-test probability.
Padhye (2020) applied the principles of Bayesian inference to estimate the pre-test and post-test probabilities
of infection with RT-PCR, effectively accounting for variable test sensitivities and specificities, thus
providing a more nuanced understanding of diagnostic outcomes. Bentley (2021) identified potential
errors in SARS-CoV-2 testing, including false positives and negatives. He also proposed a Bayesian
theory-based approach to correcting RT-PCR test results. Similarly, Canals and Canals (2022) employed
a Bayesian framework to relate clinical presumptions to post-test probabilities, thereby enhancing
the accuracy of diagnostic conclusions by different testing methods.

Furthermore, Korevaar et al. (2021) demonstrated the utility of Bayesian latent class models in improving
diagnostic evaluations in the absence of a gold standard, which is of particular importance in the context
of the novel coronavirus disease (Covid-19), where reference standards may be unreliable or unavailable.
Another noteworthy contribution is from Williamson et al. (2023), who employed Bayesian methods
to inform the determination of sample size for Covid-19 rapid tests. This illustration demonstrates
the methods utility in optimizing test performance and ensuring reliable diagnostic accuracy. Moreover,
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studies by Sisay et al. (2022) employed Bayesian latent class models to assess the diagnostic accuracy
of RT-PCR assays in resource-limited settings, exemplifying the approach’s adaptability and reliability
in diverse epidemiological contexts. This approach was also corroborated by Morgan et al. (2021), who
examined the impact of Bayesian adjustment on the probability estimates from diagnostic tests, thereby
reinforcing the significance of Bayesian methods in enhancing diagnostic accuracy. Cao et al. (2021)
further expanded the Bayesian framework by synthesizing multiple diagnostic outcomes of Covid-19
tests, demonstrating that Bayesian methods can integrate varied data sources to provide comprehensive
diagnostic evaluations (Cao et al., 2021). Meanwhile, Zhang and Du (2020) employed Bayesian inference
to estimate the true prevalence of Covid-19 in China, thereby providing insights into the efficacy
of screening and diagnostic tests in epidemiological studies. Large study based on comparing performance
of antigen tests was written by Kliegr et al. (2022). Finally, the work of Ghoshal and Tucker (2020)
on Bayesian Deep Learning for the detection of Covid-19 highlights the potential of combining Bayesian
methods with advanced machine learning algorithms to improve the interpretability and reliability
of diagnostic models. Canyaz et al. (2022) discusses a new method using machine learning algorithms
to automate the analysis of CT scans for diagnosing Covid-19 with high accuracy. Karel et al. (2022)
described the economic impact of false positive test results and how Bayesian approach and retesting
could minimize economic costs. Collectively, these studies demonstrate the versatility and robustness
of Bayesian approaches in enhancing the diagnostic accuracy of Covid-19 tests by systematically integrating
prior knowledge with new data, thereby improving the reliability and interpretability of diagnostic
outcomes.

2 METHODOLOGY AND DATA

2.1 Confusion matrix

The fundamental tool for assessing the quality of diagnostic tests is the confusion matrix. This matrix
conveniently displays the reliability characteristics of a test. The first column represents the positive
condition (in this case, “Infected”) and the second column represents the negative condition (in this case,
“Healthy”). The rows display the test outcomes, which can be either positive or negative. The confusion
matrix thus displays the test results as true positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN). The values in the matrix can be presented either as absolute numbers, where
the sum equals the total number of tests performed, or in relative terms, where each element of the matrix
represents the probability of individual test outcomes given the actual condition.

Table 1 Confusion matrix

Infected Healthy
Negative test result FN N
Positive test result TP FP

Source: Own construction

The primary objective of any clinical test is to maximize true positive (TP) and true negative (TN)
results while minimizing false negative (FN) and false positive (FP) outcomes. The sensitivity and
specificity characteristics of tests are provided by the manufacturer. However, as Kliegr et al. (2022, 2023)
demonstrate, these parameters of clinical tests in field conditions may differ significantly from those
obtained in laboratory settings and presented by producers.

Sensitivity (Se), also known as the true positive rate (TPR), is a measure of the test’s ability to correctly
identify individuals who are truly infected.
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Specificity, also referred to as the true negative rate (TNR), is defined as the test’s ability to correctly
identify individuals who are healthy.

TN

= . 2
TN +FP @
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The number of false positive and false negative cases can be influenced to some extent by the design
of the test and the setting of the threshold. In the case of excessively high sensitivity, the number
of positive results increases, but so does the number of false positive results. Conversely, with a low
threshold, the test captures only “strong signals,” reducing the proportion of false positives but increasing
the proportion of false negatives. The relationship between these variables can be expressed as Se = 1 - FNR
and Sp = 1 - FPR. In the design of clinical tests, researchers strive to find a balance and mitigate
the effects of false negatives and false positives.

Another metric for the accuracy of clinical tests is accuracy. Accuracy of a diagnostic test refers
to the proportion of true positive (TP) and true negative (TN) results among the total number of tested
cases.

TP+TN (3)

Accurancy = ———————.
TP+ FP +TN + FN

The Bayesian approach and Markov Chain Monte Carlo (MCMC) simulations are employed to model
the posterior distribution of positive and negative predictive values (PPV and NPV), false positive
and negative rates, respectively, using different prior distributions for prevalence. Bayesian posterior
simulations were computed by JASP software (Kucharsky and Wagenmakers, 2023) and the JAGS sampler
using MCMC simulations (Deppaoli et al., 2016).

A crucial aspect of modelling the posterior distributions of parameters is the specification of the prior
distribution for disease prevalence, sensitivity, and specificity of the test. In this context, a beta distribution
was employed due to its advantageous properties (Mossman and Berger, 2001). The Bayesian approach
offers a natural means of modelling the entire posterior distribution of parameters using MCMC methods
and the Gibbs sampler.

2.2 RT-PCR and antigen testing

A commonly used and efficient SARS-CoV-2 test is based on the reverse-transcription polymerase
chain reaction (RT-PCR) technique. RT-PCR is often referred to as the “gold standard,” and it has served
as a benchmark for validating antigen tests and confirming cases against which other testing methods
are measured. RT-PCR tests are considered the gold standard for detecting Covid-19 due to their high
sensitivity and specificity (Filchakova, et al., 2022). These tests detect viral RNA and are highly effective
in diagnosing SARS-CoV-2 virus, particularly during the early stages when the viral load is high.
However, RT-PCR tests are resource-intensive, requiring specialized equipment and specialist personnel,
which can limit their widespread use. (Sisay et al., 2022). Antigen tests are based on detecting specific
proteins from the SARS-CoV-2 virus. They are generally more affordable and faster than RT-PCR testing
and can be conducted at the point of care. Despite their lower sensitivity compared to RT-PCR, antigen
tests are valuable for large-scale screening, providing rapid results that are crucial for timely isolation
and treatment (Chadwick et al., 2022). Nevertheless, the accuracy of these tests can vary depending
on the viral load and the stage of infection.
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2.3 Bayes theorem

The confusion matrix alone does not provide direct guidance for the correct and effective interpretation
of diagnostic test results. In situations of low disease prevalence, even seemingly good test characteristics
in terms of sensitivity and specificity (e.g., 95%) can lead to low posterior positive predictive value (PPV)
values (the probability that a person is truly infected if they test positive). This phenomenon is formalized
by Bayes’ theorem, which is based on the relationship of conditional probabilities and priors (sensitivity,
specificity, and prevalence).

Applying and correctly understanding Bayes’ rule can be challenging because the correct posterior
result often conflicts with intuitive reasoning. The counterintuitive nature of the Bayesian approach arises
from two factors: the base-rate fallacy, where prior probability (prevalence) is not considered (Bar-Hillel,
1980), and the psychological phenomenon known as confusion of the conditionals (Pollatsek et al., 1987).
To illustrate this confusion, the probability that a randomly selected person is bleeding if attacked by a lion
does not equal the probability that a randomly selected person is attacked by a lion if they are bleeding.

When evaluating results of diagnostic tests, it is crucial to consider disease prevalence alongside
sensitivity and specificity. For example, if a diagnostic test has 90% sensitivity and 90% specificity,
it will incorrectly classify 10% of infected individuals as healthy and 10% of healthy individuals
as infected. Furthermore, if we test a group of patients in an intensive care unit with clinical symptoms
and epidemiological contact in order to determine their discharge, we risk releasing 10% of patients who
are still infected. Conversely, large-scale preventive testing in a population with low disease prevalence
(e.g., one in a thousands) risks a significant number of false-positive results due to specificity.

The posterior probability (the positive predictive value - PPV) represents a crucial metric for
the interpretation of diagnostic test results:

P ( positive | infected ) x P (irifected)
P (positive)

P (infected | positive) = s (4)

where P (infected/positive) is a conditional probability that the person is infected given the positive
test result. In statistical terms, this is referred to as the posterior, while in medical terms, it is known
as the post-test probability.

P (Positive/infected) is the conditional probability that the test result will be positive if the person
is infected. In the Bayesian approach, this conditional probability is referred to as the likelihood, and in this
context, it is expressedas the sensitivity of the diagnostic test. In Bayesian theory, the disease prevalence
is represented by the prior probability P(infected). The marginal probability of a positive test result P(positive)
is obtained using the law of total probability. A positive test result can be classified as either true positive
(TP) or false positive (FP). In the context of medical diagnostics, Bayes’ theorem can be expressed as follows:

P( positive) = P( positive | infected ) x P(infected ) + P positive | not infected ) x P (not infected) . (5)
The positive predictive value (PPV) is the posterior probability that a person is infected given

a positive test result:

Prevalence x Sensitivity

PPV = .
Prevalence x Sensitivity + (I—Prevalence) X (I—Speciﬁcity)

(6)

The negative predictive value (NPV) is defined as the posterior probability that a person is not infected,
given that the result of the diagnostic test was negative.

(1-Prevalence) x (1- Specificity)

NPV = .
Prevalence x (I—Sensitivity) + (I—Prevalence) x Specificity

™)
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In practical situations, the values of these parameters sensitivity and specificity are subject to uncertainty.
The estimate of prevalence (prior distribution) is burdened with even greater uncertainty. Bayesian
inference provides a method to express and explicitly propagate this uncertainty through the posterior
distribution of PPV and NPV. In the Bayesian framework, parameters (sensitivity, specificity, and
prevalence) are considered random variables with probability distributions conditioned on the available
information and data (Baron, 1994; Mossman, Berger, 2001; Crawford et al., 2009). During any epidemic
of a new disease, our knowledge and understanding regarding treatment, clinical symptomatology, and
prevention evolve gradually and are accompanied by significant uncertainty. From this perspective,
Bayesian inference represents a natural method for combining available information and knowledge,
which evolve dynamically over time.

In binary diagnostic tests, it is possible to express the probability of a correct diagnosis, including
the uncertainty associated with the test result. In diagnosing infections based on test results,
it is crucial that this uncertainty is recognized, properly considered, and minimized. This article describes
a methodology for quantifying and reducing the uncertainty associated with diagnostic test results.
The evaluation of these diagnostic test results should not solely depend on the binary outcome; rather,
clinicians and researchers should consider the magnitude of the uncertainty in the result and the test
parameters and prevalence. In instances of considerable uncertainty, retesting may lead to more accurate
results. Moreover, the costs associated with retesting are often negligible compared to the potential
consequences of misdiagnosis.

2.4 Data

The data utilized in this article were procured from the ISIN (Czech Information System for Infectious
Diseases) for the specified temporal range between December 2021 to February 2022 (Kliegr et al.,
2023). For the purposes of this study, the Panbio Covid-19 AG - Abbot Rapid Diagnostics test was selected
as it was possible to observe a sufficient number of cases within the chosen period. Furthermore,
the results of the AG test were validated using the RT-PCR method on the same or the following day.

2.5 Priors

In Bayesian analysis, prior distributions are assigned to individual parameters (sensitivity, specificity,
and prevalence) to represent external information. These parameters take values from 0 to 1, making
the beta distribution suitable for their modeling (Bolstad, 2007; Albert, 2009; Wagenmakers et al., 2021).

2.5.1 Priors for sensitivity and specificity

Mossman and Berger (2001) recommend the use of the so-called Jeffreys prior for sensitivity and specificity
in the analysis of medical tests, assigning prior beta parameters & = 0.5 and § = 0.5 ~ Beta(0.5, 0.5).
The shape of the beta distribution assigns the highest prior probability to values close to 0 and 1. One
advantage of using the beta distribution for unknown parameters is that it allows for Bayesian updating
with each new data point. In this process, the prior parameters are updated with the number of successes
(true positives) or failures (true negatives) as the data set grows. This property is known as a conjugate
prior in Bayesian statistics (Diaconis and Ylvisaker, 1979; Raiffa and Schlaifer, 1961). When additional
tests are evaluated (TP, TN, FP, FN), the prior distributions for sensitivity and specificity are updated
with this new information, and the posterior distribution remains beta. The sensitivity is represented
by a beta distribution with parameters (0.5 + TP, 0.5 + FN), while the specificity is represented by a beta
distribution with parameters (0.5 + TN, 0.5 + FP). The posterior probability distributions of PPV and
NPV, including uncertainty, can be represented by performing random sampling from the posterior
marginal distributions. Repeating this process yields a very precise posterior distribution after several
thousand simulations.
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2.5.2 Priors for prevalence

This article compares the posterior distributions of PPV and NPV, including the uncertainty represented
by the probability distribution of these parameters. This uncertainty, represented by the variability
of the posterior distribution, is a crucial aspect in evaluating a diagnostic test. The objective of this article
is to illustrate how the estimation and utilizing a prior distribution for prevalence can result in a reduction
in uncertainty, as reflected by the width of the posterior 95% credible interval.

The comparison is made between a scenario with a uniform prior distribution for disease prevalence
(flat prior), Beta(l, 1). This represents a situation where the evaluation of a clinical test result does not
take disease prevalence and other external information into account. This scenario results in significant
uncertainty in the posterior distribution of positive/negative predictive values.

The second scenario involves a prior distribution that takes into account the indication (motivation)
for the test. In the Czech Republic, during the pandemic, indications for testing were primarily divided
into preventive (screening), epidemiological, diagnostic, or clinical. In this case, the prior distribution
of tested subjects was estimated based on diagnostic and clinical indications. The prior distribution
for prevalence in this subgroup was estimated using data from the first 100 individuals who underwent
RT-PCR testing due to clinical and diagnostic indications. This prior distribution was modeled
as Beta(28, 72). The mean of this distribution is 0.28, which represents the expected prevalence.
The standard deviation is 0.045, representing the degree of uncertainty in the Bayesian approach.

Figure 1 Noninformative and informative prior Beta distribution for prevalence
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Source: Own construction

3 RESULTS

Employing an informative prior for prevalence in specific group of tested individuals significantly enhances
the performance and reliability of antigen diagnostic tests compared to using a noninformative prior.
This approach results in narrower posterior credible intervals across all key metrics, indicating increased
precision and credibility in the test results.

Notably, the Negative Predictive Value (NPV) and accuracy show substantial improvements.
The median NPV increases from 0.642 to 0.901 and accuracy rises from 0.829 to 0.902. Additionally,
the widths of posterior credible intervals are reduced by 93% and 76%, respectively. This ensures
more reliable identification of true negatives and enhances overall diagnostic accuracy, highlighting
the effectiveness of the informative prior in clinical settings.?

PPV - proportion of those who tested positive and are affected by the condition. P (condition = positive | test = positive).
NPV - proportion of those who tested negative and are not affected by the condition. P (condition = negative | test =
negative). FP — proportion of a population not affected by a condition and incorrectly tested positive. P (condition =
negative A test = positive). FN - proportion of a population affected by a condition and incorrectly tested negative.
P (condition = positive A test = negative).
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Table 2 Noninformative and informative prior comparison

o i
Noninformative prior Informative prior 95% <
reduction
95% CI 95% CI
Median Median
Lower Upper Lower Upper

PPV 0.981 0.751 0.999 0.909 0.858 0.946 65%

NPV 0.642 0.051 0.967 0.901 0.867 0.927 93%

FP 0.01 0.000 0.035 0.024 0.014 0.037 34%

FN 0.161 0.029 0.26 0.073 0.054 0.097 81%

Accuracy 0.829 0.737 0.941 0.902 0.876 0.924 76%

Source: Own construction

The estimates plot presents a summary comparison of the performance metrics for a diagnostic
antigen test in the context of non-informative and informative priors of prevalence. The various estimates
related to the test’s accuracy and reliability are displayed. This graph provides a comprehensive overview
of the diagnostic performance key metrics of the antigen test in two scenarios.

Figure 2 Posterior estimates of test performance (noninformative and informative prior)
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Source: Own construction, JASP

3.1 Posterior predictive values

Figure 3 depicts the posterior probability distribution of a condition being truly positive based
on the diagnostic test result, which compares two scenarios with non-informative and informative priors
for prevalence.

Using a non-informative prior for prevalence results in greater uncertainty and overlapping distributions
for both negative and positive test results, reducing the reliability of the diagnostic test. In contrast,
employing an informative prior significantly reduces uncertainty and provides clearer differentiation
between negative and positive results, enhancing the overall effectiveness and reliability of the diagnostic
test.
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Figure 3 Posterior distribution (noninformative and informative priors)
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3.2. Precision-recall

The relationship between PPV (also known as precision) and sensitivity is another key metric for
evaluating the performance of diagnostic tests. As illustrated in the graph below, the PPV uncertainty
(with the dashed line representing the 95% CI for PPV) in the first situation (noninformative - flat prior
for prevalence) is much larger than in the second situation with an estimated beta prior for prevalence.
Using a flat prior for prevalence, the diagnostic test shows less reliable results of positive predictive values
(PPV) with significant variability and uncertainty. In contrast, an informative prior results in PPV with
much greater consistency and reliability. Thus, while the flat prior yields higher PPV, the informative
prior enhances the test’s overall stability and dependability across varying levels of sensitivity.

Figure 4 Positive predictive value - precision (noninformative and informative priors)
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3.3 Total Operation Curve

A Total Operation Curve (TOC) is a further tool for evaluating the accuracy and properties of diagnostic
tests, particularly for binary classification cases. In comparison to the ROC curve, it provides a more
comprehensive assessment of the test’s capabilities across all possible thresholds. The comparison of TOC
curves for noninformative and informative priors for prevalence can be seen in the following graph.

Figure 5 TOC comparison (noninformative and informative priors)
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The first TOC curve (non-informative prior) indicates a higher maximum true positive rate but shows
lower overall test quality as it approaches the diagonal line, suggesting a higher rate of false positives.
In contrast, the second TOC curve (informative prior), with a lower maximum true positive rate,
demonstrates better overall performance due to its consistent growth and greater distance from
the diagonal line, indicating better differentiation between true and false positives. Thus, despite
the lower peak, the use of informative prior for interpretation diagnostic antigen test results is more
reliable and effective overall.

CONCLUSION AND DISCUSION

In summary, the Covid-19 pandemic has highlighted the critical global need for rapid, efficient and
accurate diagnostic methods. Antigen testing has emerged as a key tool in the fight against SARS-CoV-2.
However, accurate interpretation of diagnostic test results remains a significant challenge. This challenge
requires consideration of test characteristics such as on-field sensitivity and specificity, as well as the
context, motivation behind testing, and prevalence. The accuracy of the test results is not only dependent
on the type of test, with RT-PCR being considered the gold standard, but this too has its limitations.
For example, in terms of the site of collection, Wang et al. (2020). found a lower positive test rate from
oropharyngeal swabs (24%) compared to nasopharyngeal swabs (57%), as well as the primary interpretation
of viral load. Inaccuracy, testing errors, and procedural malpractice had a significant impact on patient
risk during the pandemic. The limitation of not only preventive care, but also the rapid introduction
of distant diagnosis based on antigen retrieval tests (RAD) performed at home with questionable ability
to perform the tests correctly, significantly increased underdiagnosis and undertreatment of patients.
The lack of sensitivity and specificity of rapid antigen tests can lead to both false negatives and positives,
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which significantly increases the risks of disease, its spread, and the potential risk to patients. Given
the potential for Covid-19 symptoms to overlap with other diagnoses, there was a risk of delay in diagnosis
of other diseases, as well as the risk of placing patients in isolation ward environments where infection
rates were high. This risk became particularly important within patients from the so-called ‘susceptible’
population (gerontological population, immunosuppressed patients). It is therefore proposed to provide
techniques to refine the interpretation of the results of these tests. In real practice, the screening use
of RT-PCR is not feasible due to the procedural and time-consuming, as well as the economic aspect
of these tests. Antigenic tests seem to be a suitable option, but as our statistical results have shown,
it is not feasible to use only a single antigenic test without additional parameters or retesting over time,
given the risks of mis-tested individuals. There are many factors that influence the performance of these
tests, such as viral load, sample quality, sample processing method, stage or timing of the test in an ongoing
infection, as well as individual patient status (Chaimayo et al., 2020). A study by Kliegr et al. (2022)
demonstrated low on-field sensitivity across a range of commonly used RAD tests, with even the most
widely used test having a sensitivity of only 48.7%. Similar results of poor sensitivity of rapid diagnostic
tests were already observed during the influenza A (HIN1) pandemic. Therefore, such tests should not
be recommended in isolation in clinical settings, or in widespread testing, or as a stand-alone source
of information to guide further patient therapy. Our proposed model has the advantages of simplicity
and the possibility of default program settings, which will also determine the level of reliability of the test
results. Thus, it is possible to have a risk assessment by professional medical staff that stratifies the risk
of a particular patient. Unfortunately, with every pandemic, there is a certain reduction in health care.
However, it is necessary to reduce the risks from blanket measures, and refinement of testing techniques,
or interpretation of test results, is an important aid.

Bayesian methods, which use posterior distributions of key parameters to more accurately repre-
sent diagnostic uncertainty, provide a robust framework for incorporating these factors. This
approach improves the interpretation of positive predictive value (PPV) and negative predictive value
(NPV) by accounting marginal probabilities of disease prevalence in specific subgroups, sensitivity
and specificity.

The study results highlight the effectiveness of employing informative priors in Bayesian analysis. For
example, the NPV median increased from 0.642 to 0.901, and accuracy improved from 0.829 to 0.902
when an informative prior was employed compared to a non-informative prior. Additionally, the posterior
credible interval widths for these metrics were significantly reduced by 93% and 76%, respectively,
indicating increased accuracy and decreasing uncertainty in the diagnostic test results.

This enhanced reliability is further evidenced by the reduction in false negatives (FN) from
0.161 to 0.073 and 81% reduction of posterior credible interval widths. The uncertainty in Accuracy
of the diagnostic test, as demonstrated by the 95% CI, was reduced by 76%. These findings demonstrate
that Bayesian approach not only aids in the accurate interpretation of test results but also contributes
to reducing diagnostic errors and uncertainty, ultimately enhancing clinical decision-making and public
health outcomes.

In clinical practice, the availability of rapid, critical, and more accurate diagnostic tools will not only
enable early detection of infection and initiation of therapy, but also the correct indication of isolation
regimens and quarantine conditions. The consequences not only of the pandemic, but also of its inevitable
response, are already being observed. In March, the World Health Organization (WHO) reported
a 25% increase in the prevalence of anxiety and depression. There are also efforts to examine the risk
of the impact of health care restrictions during the Covid-19 pandemic. In their study, Mani and Schut
(2023) observed a decrease in cardiometabolic and cancer screening. These analyses highlight the latent
risks associated with health system constraints during this period. The refinement of diagnostic methods
not only allows for the reduction of population stressors (fear of infection, uncertainty of false results,
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and social isolation), but also allows for better management of preventive care retention and reduction
of delays in elective medical interventions, contributing to a reduction in diagnostic errors and uncertainty,
which ultimately improves epidemiological public health outcomes.

In evaluating diagnostic tests, researchers and clinicians should focus not only on the point estimates
of PPV (post-test probabilities), but also on their entire posterior probability distribution, including
the uncertainty demonstrated by the variability of this distribution. In cases where the variability of these
posterior parameters is higher, it is advisable to consider retesting before making the diagnosis itself.
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