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Traditional machine learning (ML) in medical diagnostics often suffers from limited
clinical interpretability and poor generalization, owing to its black-box, data-
driven nature. Here, we present Prior-Informed Machine Learning (PIML), a
framework that integrates clinically grounded generative reasoning with data-
driven, ML-enabled discriminative modeling through Bayesian inference to
provide clinically interpretable, patient-specific diagnostic outcomes. By
embedding the optimization of sensitivity and specificity in data-driven
diagnosis—requirements for subsequent Bayesian inference—directly into the
ML model development process, PIML enables a synergistic integration of
machine learning and clinical expertise that cannot be achieved through either
data-driven or clinically grounded approaches alone. PIML was validated across
three clinical domains—cervical neoplasia detection, high-risk oral lesion
detection, and preterm birth detection—where Bayesian inference was
systematically employed to integrate electrical impedance spectroscopy (EIS)-
based machine learning with domain-specific clinical expertise, thereby enabling
more comprehensive and enhanced diagnostic decision-making. Our results
demonstrate that PIML generally improves diagnostic performance compared
with standard ML approaches and provides competitive or superior performance
relative to knowledge-based and feature-level prior integration strategies. This
work presents an innovative, systematic framework with strong potential for
widespread adoption in addressing medical diagnostic challenges across
heterogeneous clinical environments.

KEYWORDS
Bayesian inference, clinical decision support, interpretable artificial intelligence, medical
diagnosis, prior-informed machine learning

1 Introduction

Artificial intelligence (AI) technologies, particularly machine learning (ML) and deep
learning (DL), have demonstrated strong performance in domains such as medical
diagnostics (Tu et al, 2025) and industrial systems (Leite et al., 2024), demonstrating
impressive performance in real-world applications. However, the ML model makes
decisions based on what is learned from the data. Therefore, if the scenario cannot be
covered by the data used for the model training, then the decision-making may not be
accurate. When ML models are applied to classification problems, the accuracy-related
performance is often evaluated using sensitivity and specificity, which are widely adopted by
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commercially available medical diagnostic products (Nishtar et al.,
2021; Sirocchi et al., 2024).

Geoffrey Hinton, often referred to as the “godfather of Al”
noted that the essence of AI lies in pattern learning rather than
logical reasoning (Hinton, 2024) and also that ‘learning, not
knowledge, was the engine of intelligence (Rothman, 2026).
Neural networks (NN) extract abstract features from data rather
than perform inference. Once weights are learned, they produce
results by applying the NN model to process input data, not through
step-by-step reasoning and analysis. This fundamental characteristic
of current Al systems explains their strong interpolation abilities but
poor extrapolation performance when confronted with unfamiliar
data (Bonnasse-Gahot, 2022; Wang et al., 2023). Numerous studies
have demonstrated a significant decline in predictive accuracy when
ML models are tested on out-of-distribution samples, such as data
from different hospitals or populations (Duta et al., 2025; Yang et al.,
2022; Zech et al., 2018). Recently Orouji et al. also highlighted that
biological ML models trained using data from one cohort or
laboratory frequently fail to generalize to other datasets because
of both technical and biological distribution shifts (Orouji et al.,
2024). In medical imaging, Yang et al. demonstrated across five
globally sourced chest X-ray datasets that expert-level vision—
language models systematically underdiagnosed patients from
historically marginalized demographic groups compared with
board-certified radiologists (Yang et al., 2025). These findings
underscore the limited generalizability of current AI systems
across heterogeneous clinical environments and highlight the
difficulty stable
performance when deployment conditions differ from those

fundamental of maintaining diagnostic
represented during model development.

It is worth noting that in AI research, learning and reasoning are
often pursued as distinct research directions—namely, machine
learning (ML) and knowledge representation and reasoning
(KRR) (Baaj et al, 2024). The two domains have traditionally
evolved independently. Although recent studies have explored the
integration of medical prior knowledge, such as clinical guidelines,
statistical rules, and physician expertise into ML model training
(Sirocchi et al., 2024; Fang et al., 2024; Jiang et al., 2020; Choi et al.,
2016; Leiser et al., 2023; von Rueden et al., 2021; Stewart and Ermon,
2017), most practical implementations still rely on standard model
training, in which prior knowledge and data are combined first and
then fed into the training stage. Representative examples include
CancerVar, which integrates clinical guidelines with Deep Learning
(DL) for the clinical interpretation of somatic cancer variants (Li
et al., 2022), and PathTIGR, which incorporates curated biological
pathway topology into a graph-based DL framework for
interpretable prediction of immunotherapy response (Li et al,
2026). Some studies introduce knowledge-based penalty terms
into the loss function (Sirocchi et al., 2024; von Rueden et al.,
2021). These terms quantify inconsistencies between the model’s
predictions and known domain rules, effectively guiding
optimization toward clinically consistent outputs. Stewart and
Ermon proposed a label-free supervision framework in which
physics
dependencies, is encoded directly into the loss function (Stewart

domain knowledge, such as equations or causal
and Ermon, 2017). This allows the model to learn from unlabelled
data by minimizing discrepancies between its outputs and known

structural priors. While powerful, these methods are typically task-
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specific, rely on predefined constraint formulations, and may not
generalize well across clinical domains with complex, implicit forms
of prior knowledge. This creates a need for a more flexible
mechanism through which clinical knowledge can influence
diagnostic decisions without being explicitly encoded into model
architecture or training objectives.

From a broader perspective, most existing approaches remain
fundamentally data-driven and are ultimately constrained by the
availability, quality, and representativeness of the underlying data.
They essentially aim to optimize model weights during
backpropagation when, for example, training a NN model. Once
the ML model has been trained and parameters are fixed, these
weights remain unchanged. As a result, when the model is applied to
different scenarios or cohorts, the same learned parameters are still
used, regardless of potential shifts in data distribution or clinical
context. This can lead to poor model performance and reduced
generalizability, particularly in real-world medical settings where
patient populations, diagnostic practices, and disease profiles may
vary significantly over time and across countries and regions.

Another major limitation of current ML models is their ‘black-
box’ nature and lack of interpretability and explainability, which
undermines trust and hinders their adoption in clinical applications
(Shen et al., 2019; Liu et al., 2019; Baker et al., 2020; Juravle et al.,
2020). Studies have pointed out that although Al is often comparable
to physicians in diagnostic accuracy, people still lack trust in it,
especially in scenarios dealing with high-risk diseases (Juravle et al.,
2020). In addition, most of the existing studies are retrospective, i.e.,
training and testing are based on existing annotated data, with a lack
of prospective systematic verification in the real-world environment
(Topol, 2019; Kelly et al., 2019).

Physicians play a central role in diagnosis, continuously refining
their knowledge through years of experience, peer collaboration, and
ongoing learning through extensive clinical practice, peer
consultations, and continuous learning which is often abstract,
individual-specific, and difficult to formalize (Ananda Rao et al,
2023; Quinn et al., 2021; Sheikhtaheri et al., 2014; Kunhimangalam
et al, 2014). In contrast, traditional expert systems have evolved
slowly, partly due to their reliance on static rule settings that quickly
become obsolete in the rapidly advancing field of medicine (Hughes
et al, 1990). Moreover, these systems face the well-known
‘knowledge acquisition bottleneck’- the difficulty of extracting
and systematizing implicit knowledge from clinical experts
(Sheikhtaheri et al., 2014; Hughes et al., 1990).

For high-dimensional information and features, such as
medical/histological images or complex non-linear digital signals,
clinicians are inherently limited in learning abstract patterns existing
in data. This is easier for AI models, where ML/DL models have
matured into mainstream methodologies, replacing manual work in
certain well-defined tasks; work that has enhanced outputs in most
engineering and healthcare cases. However, in scenarios that require
patient-specific and subjective experience-driven clinical judgement,
ML/DL models still fall short of fully substituting human expertise
due to limitations caused by data-driven characterization.
Consequently, neither single AI models nor traditional expert
clinician-led systems are sufficient to meet the complex demands
of modern healthcare (Topol, 2019; Hughes et al., 1990). Recent
studies suggest that collaborative methods that combine AI models
with clinical expertise could improve diagnostic outcomes (Ahuja,
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2019; Wa et al., 2016; Lakhani and Sundaram, 2017; Génddcs et al.,
2024; Jospin et al., 2022). These studies suggest that a widespread
adoption of AI depends on the degree to which ML can help
clinicians make a better and more informed diagnostic decision.
However, the challenge is that the accumulated knowledge in the
human brain is difficult to formulize and to integrate into AI models.
Medical diagnosis is inherently probabilistic, integrating symptoms,
signs, laboratory findings, imaging evidence, patient history, and
prior medical knowledge to infer the likelihood of disease. In order
to fundamentally address this challenge, we propose to apply the
well-known Bayes Theorem to combine clinical diagnostic decision-
making processes with ML to achieve prior-informed machine
learning (PIML) to enhance clinically interpretable medical
diagnosis. Here, clinical interpretability refers to the transparency
and traceability of the diagnostic updating process, rather than
implying that the resulting probabilities have been empirically
demonstrated to be perfectly calibrated.

Bayes’ Theorem has been widely integrated with ML approaches
in medical applications. For example, BNNs (Jospin et al., 2022)
represent a prominent integration of Bayesian inference with neural
networks (NNs). However, this study does not directly employ
Unlike
conventional NNs, which optimize fixed point estimates of model

Bayesian  inference for classification  purposes.
parameters, Bayesian neural networks (BNNs) incorporate prior
distributions and infer posterior distributions of the network
weights during training. Consequently, BNNs learn probability
distributions over parameters rather than single-point estimates,
enabling uncertainty quantification in predictions. In another study,
Bayes’ theorem was applied independently to estimate posterior
probabilities using disease prevalence for disease diagnosis (HIV)
(Muehlemann et al, 2023). More recently, Chatzimichail and
Hatjimihail demonstrated the practical utility of the Bayesian
diagnostic approach and provided a software implementation for
applying this in medical diagnosis (Chatzimichail and Hatjimihail,
2024). These two studies rely on pre-determined sensitivity and
specificity values derived from evidence-based classification
performance to conduct Bayesian inference. In parallel, Bayesian-
network-based approaches have been developed to incorporate
structured  clinical ~expertise and heterogeneous medical
information into probabilistic diagnostic models. For instance,
Kyrimi et al. proposed medical idioms for clinical Bayesian
network development, using reusable expert reasoning patterns
to support the construction of clinical Bayesian networks (Kyrimi
etal,, 2020). Donnat et al. developed a Bayesian hierarchical network
for combining multiple heterogeneous and uncertain data sources in
medical diagnosis (Donnat et al., 2026). To the best of our
knowledge, no previous studies have systematically optimized the
sensitivity and specificity of evidence-based classifiers and
subsequently integrated these optimized diagnostic characteristics
with available prior knowledge to achieve systematically optimized
Bayesian inference outcomes.

This study focuses on leveraging Bayesian inference to
systematically with

diagnostic reasoning. The proposed methodology, termed Prior-

integrate ML-based diagnoses clinical

Informed Machine Learning (PIML), applies Bayes’ Theorem to

combine prior domain knowledge, derived from patient

with data-driven ML
predictions. In PIML, the ML prediction is not treated as an

information and clinical expertise,
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isolated black-box decision, but as diagnostic evidence that

updates a patient-specific clinical prior into a posterior
probability of disease. In contrast to ML-based diagnoses, which
are typically generated by models trained on limited datasets, clinical
reasoning draws on population-level statistics, diverse medical tests,
and accumulated disease-specific clinical knowledge and experience.
By unifying these complementary sources of information, the
proposed approach aims, in principle, to achieve an updated
diagnostic outcome that integrates prior clinical information with
ML-derived evidence not attainable by either approach alone. To
validate the performance of the proposed approach, we applied it to
diagnostic challenges across three distinct medical domains: cervical
neoplasia detection (Li et al., 2021), high-risk oral lesion detection
(Murdoch et al,, 2014), and preterm birth detection (Tian et al.,
2023), (Narice et al., 2024). These fields were selected to capture a
number of examples of clinical knowledge that can be integrated
with data-driven ML to support comprehensive medical diagnosis.
For cervical neoplasia detection, colposcopy findings and smear test
results are incorporated to reflect physician diagnostic assessments,
a task that current Al techniques still struggle to replace. For preterm
birth prediction, individual prior risk is derived from biological
markers and clinical history, particularly prior preterm deliveries.
For high-risk oral lesion detection diagnostics, behavioral risk
factors such as tobacco and alcohol use play a crucial role in risk
(Khan et al, 2020)

epidemiological priors for model interpretation. Such knowledge-

assessment and provide important
based medical diagnoses rely on population-level statistics and the
extensive experience of clinicians and therefore cannot be fully
replaced by AI models trained on limited datasets. On the other
hand, the data used to train the ML models are derived from
electrical impedance spectroscopy (EIS) measurements. EIS
characterizes the electrical properties of biological tissues and
detect impedance changes associated with alterations in the
cellular architecture of the cervical and oral mucosal epithelium,
thereby facilitating the identification of potentially malignant and
malignant lesions in the cervix and oral cavity, respectively. The EIS
data are high-dimensional and abstract, capturing features related to
patient medical conditions that can be effectively processed only
through data-driven AI approaches. Consequently, the proposed
integration based on Bayes’ Theorem can offset the limitations of
each approach. A schematic of the overall concept of PIML is shown
in Figure 1, illustrating how prior knowledge, clinical reasoning, and
machine learning interact to enhance final diagnostic performance.

The proposed PIML framework could leverage the rapid, high-
level feature extraction and complicated features-based classification
capabilities of ML models while preserving the indispensable role of
human clinical judgement in the decision-making process. Its key
contributions are:

1. The proposed PIML framework integrates ML-derived
diagnostic predictions with patient-specific clinical priors.
By treating ML predictions as evidence-based diagnostic
information and combining them with patient-specific

PIML

generates interpretable posterior probabilities of disease.

prior probabilities through Bayes’ Theorem,
This approach mitigates the limited generalizability of ML-
only diagnostic models and enhances their applicability in

clinical settings.
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FIGURE 1

Conceptual overview of the proposed PIML (Prior-informed Machine Learning). (a) Building Model 1: Model 1 represents the PIML framework’s
approach to determining the prior probability, which follows the general principles of the Bayesian network. Specifically, following this general principle,
the patient-specific prior probability may be obtained from clinically relevant sources such as empirical clinical statistics, patient history, epidemiological
or institutional evidence, validated clinical risk tools, expert assessment, or probabilistic models. In the present study, different prior-generation
strategies were intentionally used across three case studies to demonstrate the flexibility of the proposed approach. Given a new patient’'s observed factors
at admission, Model 1 can perform probabilistic inference to produce the probability of disease, which is used as the prior for downstream analysis. (b) In
this part, high-dimensional data, such as, e.g., EIS data in our study, are used to train an ML model for the diagnosis of the same disease. The 1 X
28 representation shown in the figure is a schematic illustration of the raw EIS data, consisting of the real and imaginary impedance measurements
acquired at 14 frequencies. In the actual experimental pipeline, these raw EIS measurements are further processed according to the specific downstream
task. As described in the Methods, the high-risk oral lesion detection and preterm birth datasets are represented by four Cole-model parameters, whereas
the cervical cancer dataset is represented by an eight-dimensional feature vector derived from the mean and range of the four Cole parameters across
multiple spatial readings. These processed features are then used to train Model 2. Once training is completed, the model parameters (e.g., weights). are
saved, and the well-trained ML model with an optimized performance in terms of sensitivity and specificity is referred to as Model 2. Then, an independent
evaluation dataset is subsequently used to validate the model, providing evidence that the optimized sensitivity and specificity are expected to be attained
in real-world clinical practice. (c) When Model 1 and Model 2 are applied in clinical practice, the patient-specific information and factors C=(f1, f2...fn)" are
first processed through Model 1 to obtain the prior probability of disease occurrence. Subsequently, the high-dimensional data collected from the patient,
such as, e.g., the EIS data, are input into Model 2 to generate an ML-enabled evidence-based diagnosis result (E = 0 or 1). Finally, the prior probability from
Model 1, the evidence-based diagnosis outcome from ML Model 2, and the performance of Model 2 in terms of sensitivity and specificity are combined
using the Bayesian inference, yielding a posterior probability that incorporates both prior clinical knowledge and data-driven evidence to produce a

Bayesian-updated diagnostic estimate.

2. PIML integrates the determination of sensitivity and
specificity required for Bayesian inference into an end-to-
end ML model development process. By optimizing
classification thresholds during ML model development
and validation, the PIML framework systematically links
the predictive performance of the ML model with
subsequent Bayesian updating. This provides a coherent
mechanism for combining ML-based discriminative

prediction with clinical information-based generative
diagnosis, with potential applications across a wide range
of medical diagnostic challenges.

. This study evaluates the proposed PIML framework across
three representative diagnostic tasks (cervical neoplasia
detection, high-risk oral lesion detection and preterm
birth) in which all machine learning models were
developed using electrical impedance spectroscopy (EIS)

Overall, the results demonstrate that PIML
diagnostic ML-only

approaches and, in most dataset-classifier combinations,

outperforms prior-only and feature-level prior integration
strategies.

datasets.

improves performance  over

Frontiers in Bioengineering and Biotechnology

Together, these contributions establish a principled and
systematic framework for integrating ML-derived diagnostic
evidence with clinically relevant prior information, advancing the
development of more interpretable, clinically grounded, and reliable
medical diagnosis.

2 Materials and methods

2.1 Methods

2.1.1 EIS data and bio-impedance spectrum
curve fitting

Electrical impedance spectroscopy (EIS) is a non-invasive
modality that characterizes tissue properties by measuring its
impedance across a range of frequencies. In this study, we
collected multi-frequency EIS signals from three independent
clinical datasets. Each EIS reading comprises complex impedance
values measured at 14 distinct frequencies ranging from 76 Hz to
625 kHz and can be represented by two components (Buendia et al.,
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2011): the real part Zg, and the imaginary part Zj,, as follows
(Equation 1):

Z(w) = Zpe (W) = jZ1ym () 1

Each dataset real and 14

imaginary parts.

was composed of 14

To extract physiologically meaningful features from raw EIS
data, we employ the Cole model, a well-established circuit-based
representation of bio-impedance. The Cole model is used to describe
the relationship between the measured tissue impedance Z (w) and
frequency f, commonly represented by the following form
(Equation 2):

RO - Roo
if 1-a
1+ (f—)
where Ry and R, represent the resistances at zero and infinite

respectively, the
impedance spectrum values at the low- and high-frequency

Z(f) = Reo + @)

frequencies, and primarily determine
ends of the measurement range. f is the frequency of
excitation current used in EIS data measurement and from
76 Hz to 625 kHz. f. is referred to as the characteristic
frequency and « is « constant (0<a<1). These four Cole
model parameters Ry, Ro, fc and a are associated with the
properties of the biological tissue. To estimate these parameters
from the measured EIS data, we used non-linear curve fitting in
MATLAB (MATLAB, 2022a) using the trust-region-reflective
algorithm implemented in the ‘Isqcurvefit’ function. The
objective was to minimize the squared error between the
measured and modelled impedance magnitudes over the
entire frequency range.

As shown in Figure 2, the Cole model achieves a close
approximation to both the real and imaginary parts of the
measured impedance data across the frequency spectrum.
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Representative fitting results of the Cole model to EIS data. The left and right panels respectively show the real and imaginary parts of the impedance
spectrum across chosen 14 frequency points. Red curves represent the measured EIS data, and blue curves represent the fitted Cole model curve.

2.1.2 Hyperparameter tuning via AUC
maximization

To achieve optimal predictive configuration, we used grid search
over each model’s hyperparameter space. For each candidate set of
hyperparameters 6 € ®, the corresponding model My is trained on
Diygin and validated on D, ;. The area under the receiver operating
characteristic curve (AUC) in validation results is used as the model
selection metric. The best-performing configuration is determined
as: 0* = arg r&%x AUC,4 (Mp). The AUC,,; compared here are the
average of each model's performance for each configuration,
100
hyperparameters are selected, the final model My is fixed for

obtained after repeating times. Once  optimal

next inference and evaluation stages.
2.1.3 Machine learning models

Four widely adopted classification models are selected to assess
the robustness and generalizability of our methodology: decision
tree (DT), random forest (RF), support vector machine (SVM), and
multilayer perceptron (MLP).

DT constructs a hierarchical tree structure where internal nodes
represent decision rules based on feature thresholds, and leaf nodes
denote class outcomes. Its interpretability and efficiency make it
suitable for preliminary pattern recognition in structured medical
data. In hyperparameter tuning, three key parameters are
considered: ‘MaxNumSplits’ (maximum number of binary splits);
‘MinParentSize’ (minimum number of observations required to split
a node); ‘MinLeafSize’ (minimum number of observations required
at a leaf node). Each parameter was tuned over the discrete set
{5,10,15,20,25,30}, resulting in a total of 216 combinations.

RF is an ensemble of decision trees trained on bootstrapped
subsets of the data with random feature selection at each split. This
model mitigates overfitting and improves predictive stability by
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averaging outputs across multiple trees. The final predicted

probability is computed by averaging the outputs of individual
trees: p; = %ZL{);”

A](,t) is the prediction from the t-th tree. In hyperparameter tuning,

where T denotes the number of trees, and
p
three key parameters are considered: ‘NumTrees’ (total number of
trees): {20,40,60,80,100,120}; ‘MinLeafSize’ and ‘MaxNumSplits’:
{5,10,15,20,25,30}.

SVM constructs a decision boundary that maximizes the margin
between support vectors in a (possibly transformed) feature space.
In this study, we considered both linear and non-linear kernels to
capture different data structures. Specifically, we employed: the
linear kernel K (x;,x;j)= xlx ; and the radial basis function
(RBF) kernel: K (x;,x;) = exp (—yllx; —xj||2). The choice of
kernel function allows the model to adapt to both linearly
separable and non-linearly separable data. In hyperparameter
tuning, two key parameters are considered: ‘KernelFunction™
{linear’, ‘rbf}; ‘BoxConstraintz {0.0001,0.001,0.01,0.1,1,10,100},
which controls the penalty for misclassification.

MLP is a feedforward neural network that learns complex non-
linear mappings by composing multiple affine transformations and
activation functions. It maps input features x; € RY to an output
probability pi€[0,1] via:
b= oW FED L fOWhx; +5W). ) +bW), where fO
is a non-linear activation function (ReLU in this study), L is the
number of hidden layers, and ¢(.) denotes the sigmoid output
activation for binary classification. Considering the limited dataset,
we performed grid search over lightweight model structure with one
or two hidden layers, with following configuration {number of units
in layers: ([10], [20], [30], [10,10], [20,10], [30,20])}. All models were
trained using binary cross-entropy loss via Adam and default
learning rate (MATLAB, 2022a).

The optimal model architecture for each classifier was selected
based on the maximum area under the ROC curve (AUC) achieved
on the validation set during hyperparameter tuning. The complete
list of selected hyperparameter configurations across all models and
datasets is provided in the Supplementary Table S3.

2.1.4 Initial threshold-based classification

After tuning stage, the model is retrained on Dy, and applied
to both D,,;; and Dy to produce predicted scores (probabilities) for
each class (Equations 3, 4):

P = Mo (x;), xi € Dy 3)
ﬁireSt = M@*(xj)> Xj € Dyest (4)

Using our previously published threshold selection method
TS(-) (Lin et al, 2026), the optimal classification threshold is
computed on the predicted scores ﬁiv"l (Equation 5):

7, =TS(p") ()

Following the threshold selection strategy, the classification
threshold was determined from the ROC curve of the validation
data rather than using the default probability threshold of 0.5.
Briefly, an initial threshold was identified according to the
Youden criterion, which considers both sensitivity and specificity.
Because diagnostic applications may require greater emphasis on
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sensitivity, particularly for identifying disease-positive cases, the
threshold was further evaluated by progressively reducing the
threshold, the
corresponding sensitivity and specificity were calculated on the

Youden-derived value. For each candidate
validation set, and the final threshold was selected to achieve an
appropriate balance between improved sensitivity and acceptable
specificity. In the present study, the final threshold was defined as the
first candidate threshold achieving a sensitivity of at least 70% while
maintaining a specificity of at least 50% on the validation set. If no
candidate threshold simultaneously satisfied both criteria, the
threshold with the highest sensitivity among those maintaining a
specificity of at least 50% was selected. Once selected, the threshold
was fixed and applied directly to the test set without further
adjustment. These operating criteria can be pre-specified
differently for other clinical applications according to their
relative requirements for sensitivity and specificity. Candidate
thresholds were expressed as T = aTy, where Ty denotes the
Youden-derived threshold. The scaling factor a was sequentially
decreased from 1.0 to 0.1 in fixed increments of 0.1, i.e., « = 1.0, 0.9,
0.8 ... 0.1, to progressively lower the classification threshold while
monitoring the corresponding sensitivity and specificity on the
validation set. Once determined, this threshold was fixed and
subsequently applied to the test-set prediction scores. No
information from the test set was used during threshold selection.
Then, the binary predictions are calculated as Equation 6:

A(l):{lifp‘jtesrz_[l ©

Y 0 otherwise

The sensitivity (SZ“’) and specificity (S;“’ ) on the validation set
are also computed using threshold 7; for subsequent steps.

2.1.5 Bayesian posterior correction

We incorporate domain knowledge via class-conditional prior-
based Bayesian inference. From the training set Dy4is, the prior
probability can be estimated as the probability of disease given the
available clinical information C such that Equation 7:

P(H|IC=¢) =
e =9 YieDyan (Ci =€)

@)

where 1(-) is an indicator function and C; represents the clinical
information of the i" patient. For simplicity, this quantity is referred
to as the “prior probability” throughout the remainder of the
manuscript. When applying the PIML framework, it is assumed
that P(E|H,C) = P(E|H) and P(E|H,C) = P(E|H), where E
denotes the ML-derived diagnostic evidence. This assumption
allows the sensitivity and specificity of the ML model, as
estimated from the validation data, to be directly incorporated
The
assumption may be clinically justifiable when the available

into the subsequent Bayesian updating procedure.
clinical information (C) and the ML/EIS evidence (E) capture
complementary and distinct aspects of the disease of concern,
including its manifestations and related factors. For instance, in
the cervical application, this assumption can be considered clinically
plausible. In this case, EIS, colposcopy, and cytology characterize
different aspects of cervical pathology: EIS measures tissue electrical
properties, colposcopy evaluates macroscopic visual abnormalities,
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and cytology assesses cellular morphological changes. Accordingly,
previous clinical studies have investigated EIS as an adjunct to
colposcopy and cytology, demonstrating that the combined use
of EIS, colposcopy, and cytology can improve diagnostic
outcomes (Tidy et al., 2013). This complementarity supports the
rationale for treating EIS-derived evidence as a distinct source of
diagnostic information, although it does not constitute formal
statistical proof of conditional independence.

Then, by applying the Bayesian Theorem, the posterior
probability of each subject can be determined as Equations 8, 9:

P(E|H,C)P(H|C)
P(E[C)
P(E|H,C)P(H|C)

" P(EIH, C)P(HIC) + P<E|H,C)P(H‘C)

P(HIE,C) =

3 P(E|H)P(H|C)
P(E|H)P(HIC) + P(E'H)P(H'C)

P(H|E, c)

(©)

P(E|H, C)P(HIC)
~ P(Elc)
) P(E|H,C)P(H|C)

B P(E|H,C>P(H|C) + P(E'H,C)P<H|C)

P<E|H>P(H|C)

) P(E|H)P(H|C) + P<E|H)P<H|C) )

where P(E|H), P(E|H), P(E|H),and P(E|H) correspond to the
true-positive rate (TPR, sensitivity), false-positive rate (FPR, 1-
specificity), false-negative rate (FNR, 1-sensitivity), and true-
negative rate (TNR, specificity) of the machine-learning model,
respectively.

Here, P(H|E,C) represents the Bayesian-updated probability
estimate of disease under the stated assumptions when the model
predicts a positive result while P(H|E, C) represents the Bayesian-
updated probability estimate of disease under the stated
assumptions when the model predicts a negative result.

We use the sensitivity and specificity obtained from the
validation data (SZ“’ and S}’,“’) to determine P (E|H),
P(E|H),P(E|H), and P(E|H) in Equations 8, 9. The two

equations are then applied to both the test and validation data to
~test

p

details can be found in Supplementary Figure S2.

obtain the posterior probability and p", respectively. The

2.1.6 Recalibration via posterior thresholding

~val

p

are input to the threshold selection module again to determine the

The Bayesian-corrected probabilities on the validation data

second decision boundary (Equation 10):

= TS(p") (10)

Then, final predictions on the test set are made by applying this
threshold 7, to the posterior (Equation 11):

~test

5(2) 1 ifP;‘ >T, (11)
] 0 otherwise
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2.1.7 Performance evaluation and statistical
significance

To avoid model uncertainty, all steps—including data splitting,
model training, thresholding, and Bayesian adjustment—are
repeated 100 times with different random seeds (MATLAB,
2022a). For each iteration, we record the test AUC, sensitivity,
and specificity before and after Bayesian correction step. For each
pair of compared results (model or method), the differences in
individual performance metrics were first evaluated for normality
using the Kolmogorov-Smirnov test. Given that the assumption of
normality was violated, statistical comparisons were performed
the
alternative suitable for paired data (Lin et al.,, 2024). Because all

using Wilcoxon signed-rank test, a non-parametric
compared methods were evaluated using identical data partitions
within each repetition, statistical comparisons were performed in a
paired manner using the Wilcoxon signed-rank test. This paired
analysis reduces the influence of between-partition variability when
comparing different methods, because method-wise performance
differences are evaluated under identical patient compositions
within each repetition. We note, however, that the repeated
random partitions are not statistically independent because
individual ~subjects may occur in multiple repetitions.
Accordingly, the resulting p-values and uncertainty intervals
should be interpreted as reflecting the consistency of method-
wise differences across repeated partitions rather than as evidence
derived from 100 independent patient cohorts. Performance gains
are reported as relative percentage increases along with statistical
significance levels (e.g., * denotes p <0.05, ** denotes p <0.01).
For ROC analysis, AUC was calculated from prediction scores
before the final binary decision threshold was applied. Specifically,
baseline ML AUC was calculated from the original continuous test
prediction scores before application of 7; prior-only AUC was
calculated from the patient-specific prior probabilities; and ML +
prior AUC was calculated from the continuous prediction scores
generated by the corresponding classifier. For PIML and PIML
(APP), ROC curves and AUC values were calculated from the
Bayesian-updated posterior probability scores before application
of 7,. 71 and 7, were therefore used to define diagnostic
operating points for the Bayesian update and final sensitivity/
specificity calculation, respectively. The 100 repeated experiments
were performed using MATLAB random seeds from 1 to 100. For
visualization purposes, the ROC curves shown in Figures 3-5 were
consistently generated from the repetition corresponding to random
seed = 25. The same seed was used for all compared methods within
each task, while all quantitative results reported in the tables were

calculated across the full 100 repetitions.
2.2 Dataset
2.2.1 Cervical cancer dataset

This study utilized a comprehensive cervical cancer dataset from
previous research (Brown et al, 2005; Brown et al, 2000),
comprising two independent cohorts with consistent diagnostic
modalities (Tidy et al., 2013).

The primary cohort consists of 1677 samples (Cervical-G1),
collected during routine cervical screening, with 528 biopsy-
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FIGURE 3

Performance comparison on cervical neoplasia detection using different methods. (a—d) Receiver operating characteristic (ROC) curves on the
Cervical-G1 dataset for four machine learning models: decision tree (DT), random forest (RF), support vector machine (SVM), and multilayer perceptron
(MLP). (e—h) Corresponding results on the Cervical-G2 external test set. In each subplot, the blue dashed line represents the prior-only based
performance, and the red solid line represents baseline ML performance without adding any prior knowledge. The green dashed line represents a
control method in which prior knowledge (colposcopy and smear test) is directly concatenated with the input features. The green solid line represents our
proposed PIML method integrating priors via Bayesian inference. The ROC curves illustrate that both PIML and ML + prior generally improve discrimination
relative to baseline ML, although their relative performance varies across classifiers. In particular, different from other cases where PIML performed better
than ML + prior in terms of AUC, ML + prior achieved a higher AUC than PIML for the RF classifier in both Cervical-G1 and Cervical-G2, indicating a
classifier-dependent performance with the two prior-integration strategies. Red diamond markers indicate the operating points determined from the
validation-derived thresholds (Lin et al., 2026). The ROC curves shown correspond to one predefined repetition (MATLAB random seed = 25); aggregate
quantitative performance across all 100 repetitions is reported in the corresponding table.

confirmed cases of cervical intraepithelial neoplasia or carcinoma, and
1149 normal samples. For each subject, three complementary
diagnostic  sources collected: (a) Electrical Impedance
Spectroscopy (EIS) signals obtained using an EIS device ZedScanTM
(Zilico Limited, UK), which provides quantitative measurements of
cervical epithelial electrical properties during real-time colposcopy. EIS
spectral measurements are made at up to 12 reading sites around cervix
(minimum number of sites is 8) of individual women (Tidy et al., 2013).
(b) Colposcopic visual assessments, recorded by experienced clinicians
using standard acetic acid application protocols. (c) Cytological smear
test results with standard
gynaecological screening practice.

The second cohort of 112 samples (Cervical-G2) was collected
from Royal Free Hospital (London, UK) (Tidy et al, 2013),
and

were

(Papanicolaou smear), consistent

comprising 19 pathologically confirmed cancer cases
93 normal cases. This cohort followed the same acquisition
protocol as the primary dataset and was used to assess the cross-
institutional generalizability of chosen machine learning models.
Histopathological examination following biopsy served as the
ground truth label for all samples, enabling supervised learning
and quantitative evaluation.

Frontiers in Bioengineering and Biotechnology

2.2.2 Oral high-risk lesion dataset

The second dataset employed a non-invasive high-risk oral
lesion detection dataset from our pilot studies (Murdoch et al.,
2014; Lin et al, 2026) comprising EIS signals collected from
anatomically standardized oral cavity subsites. A total of
62 subjects were enrolled and classified based on clinical
diagnosis into low or high risk groups following a binary
classification standard (Lin et al, 2026), including 53 normal
subjects, with no clinically significant lesions and 9 high-risk
subjects, presenting with histopathologically confirmed oral
epithelial dysplasia or malignant oral lesions.

EIS measurements were collected by the same device
ZedScan™, with data acquired from up to 12 intraoral subsites
per subject, including the floor of mouth (FM) and ventral tongue
(VT). Reading from these two sites were used together in analysis
based on clinical consistency validated by dental clinicians to
compensate the data insufficiency.

For healthy cases, two readings (from FM and VT) were
achieved per subject, yielding 100 readings in total. For high-risk
cases, 1 to 3 EIS readings (from FM or VT) were achieved per subject
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FIGURE 4

Performance comparison on high-risk oral lesion detection using different methods. Receiver operating characteristic (ROC) curves on high-risk oral
lesion dataset for four machine learning models: decision tree (DT), random forest (RF), support vector machine (SVM), and multilayer perceptron (MLP). In
each subplot, blue dashed line represents the prior-only based performance, red solid line represents baseline ML performance without adding any prior
knowledge. Green dashed line represents a control method where prior knowledge (historical record of smoking) is directly concatenated with input
features. Green solid line represents our proposed PIML method integrating priors via Bayesian inference. The ROC curves shown correspond to one
predefined repetition (MATLAB random seed = 25); aggregate quantitative performance across all 100 repetitions is reported in the corresponding table.

based on lesion location, yielding 18 high-risk readings. Given the
class imbalance and the limited number of high-risk subjects,
stratified random splitting was performed at the subject level
according to the diagnostic label. All EIS readings obtained from
the same subject were assigned exclusively to a single subset
according to patient ID, thereby preventing subject-level
information leakage between the training, validation, and test
data. As each of the 9 high-risk subjects contributed between
1 and 3 EIS readings, the splitting procedure was additionally
constrained to ensure that both the validation and test sets
contained at least 3 high-risk EIS readings in every repetition.

In addition to impedance measurements, self-reported smoking
status and historical record was collected for each subject during
demographics and questionnaires (Murdoch et al., 2014). Smoking
history was treated as a categorical risk factor. In statistical

treatment, individuals with a history of long-term smoking

Frontiers in Bioengineering and Biotechnology

exceeding 10 years (classified as ex-smokers) were grouped with
current smokers. Within the high-risk group, two subjects fell into
current smokers.

2.2.3 Preterm birth dataset

The third dataset includes a clinical dataset for early
detection of preterm birth (PTB), collected as part of a pilot
study conducted at the University of Sheffield (UK) (Tian et al.,
2023). The dataset comprises a total of 438 pregnant subjects,
each undergoing non-invasive cervical assessment using
electrical impedance spectroscopy (EIS) at mid-gestation.
Based on the gestational outcome, subjects were categorized
into preterm birth (PTB) cases (delivery before 37 gestational
weeks; n = 62) and term deliveries (n = 376), following standard
obstetric definitions.
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FIGURE 5

Performance comparison on PTB diagnosis using different methods. ROC curves for preterm birth prediction across four machine learning models:

DT, RF, SVM and MLP. Five methods are compared: prior-only based method (blue dashed line), baseline ML without prior knowledge (red solid line), ML
with direct concatenation of prior feature (historical preterm birth record) (yellow solid line), our proposed PIML method via Bayesian inference (green
solid line), and PIML using externally derived prior from the QUIPP app (pink dashed line). Red diamond markers indicate the selected working points
based on validation set threshold optimization. The ROC curves shown correspond to one predefined repetition (MATLAB random seed = 25); aggregate
quantitative performance across all 100 repetitions is reported in the corresponding table. Both PIML and PIML (APP) show substantially stronger
discrimination than the corresponding baseline ML models and generally provide a more balanced sensitivity-specificity profile. The similar behaviour of
PIML and PIML (APP) further indicates that the framework can accommodate both internally estimated and externally derived clinical priors.

Each subject contributed between 1 and 3 EIS readings per
clinical visit, depending on data quality and operator judgment,
resulting in a total of 1,022 cervical EIS measurements. The EIS
signals were collected using a dedicated vaginal probe (the
Sheffield Mark 5.0 device (Tian et al., 2023)) under standard
clinical conditions, targeting the cervical epithelium. All data were
labeled postnatally based on the recorded gestational age
at delivery.

In addition to EIS measurements, clinical background
information was collected through patient self-report and
medical records, including known PTB history. This history
record was used as a domain-informed prior to support model
reasoning under a Bayesian formalism. To prevent information
leakage, all training and evaluation readings were conducted at the
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subject level, such that no patient contributed samples to both
training and test sets.

A summary of all datasets is provided in Table 1. For the cervical
cancer dataset, each subject contributed 8 to 12 EIS signal recordings
obtained from distinct locations on the cervix. In both the table and
experimental design, a single representative reading per subject was
used, computed as either the mean or differential value across all
intra-subject measurements.

2.2.4 Data pre-processing
For all datasets, raw EIS signals were transformed into

parametric representations using the non-linear Cole model
(Tidy et al,, 2013), yielding four key parameters, Ry, Roo, fc and
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TABLE 1 Summary of dataset characteristics.

10.3389/fbioe.2026.1973664

Dataset Subjects Readings Annotation type Prior knowledge
Cervical 1677 + 112 1677 + 112 Biopsy Colposcopy + smear test
Oral 62 119 Histopathology Smoking history

Preterm 438 1022 Delivery gestational age History of preterm birth

a. For the high-risk oral lesion detection and preterm birth (PTB)
datasets, each EIS reading was thus directly mapped to one 4-
dimensional feature vector (Equation 12):

x = [Ro, Reo» for@t]. (12)

In contrast, the cervical cancer dataset includes multiple spatial
readings per subject (8-12), recorded from distinct locations around
the cervix. To capture the spatial heterogeneity, we first calculate the
Cole model parameters from each reading i under same subject, then
calculate the mean and maximum difference across all readings. For
example, for Ry, the ARy, and Ry, are calculated as following
(Equation 13):

M=

ARy, = max (R®)- min (R®),R, =~ Y R®, (i=1,2,...,12)

1
n;

Il
—

(13)

with similar definitions for Ry, f. and a. Thus, each subject from
cervical dataset is represented by an 8-dimensional vector
(Equation 14):

Xcervical = [R_O) K) f: a) ARO) ARoo) Afm AC(,] (14)

2.2.5 Dataset partitioning and model training

Let the full dataset be denoted as D = {(x;, y)}Y,,

represents the input feature vectors and y; € {0,1} denotes the

where x; € R?

ground truth label for our binary classification task. Each of the
three clinical cohorts (cervical neoplasia detection, high-risk oral
lesion detection, and preterm birth) used in this study is modelled
separately. Each dataset is randomly partitioned into training,
validation, and test sets fixed of 81,
D — {Dyyqin> Dyaii> Dtest}.  This  procedure is repeated over
100 times with random seeding (MATLAB, 2022a) to control the
data variance and ensure repeatability. Each random partition was

in a ratio

generated using a predefined random seed to ensure reproducibility.
Importantly, within each repetition, exactly the same training,
validation, and test sets were used for all methods being
compared. Consequently, performance measurements from
different methods within the same repetition formed matched
observations, ensuring that method-wise comparisons were not
confounded by differences in patient composition between
methods. The 100 repetitions were used to assess the robustness
of model performance to variations in patient-level data partitioning
rather than to represent 100 independent patient cohorts or to
increase the effective sample size.

For the oral and PTB datasets, dataset partitioning was
performed strictly at the subject level, such that all EIS readings

from the same patient were assigned exclusively to a single training,
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validation, or test subset, thereby preventing subject-level
information leakage. Model training was performed using
EIS input
validation and test performance were evaluated at the patient

individual readings as observations. However,
level. Specifically, prediction scores from repeated EIS readings
belonging to the same patient were averaged to obtain a single
patient-level score. These aggregated patient-level scores were then
used for validation threshold selection and for the calculation of
AUC, sensitivity, and specificity. Consequently, each patient
contributed only one observation to the validation and test
performance evaluation, irrespective of the number of available
EIS readings. We employ four representative and widely used
machine learning (ML) classifiers: decision tree (DT), random
forest (RF), support vector machine (SVM), and multilayer
perceptron (MLP). Each model is implemented using standard
open-source libraries (MATLAB, 2022a) and trained exclusively
on Dyiy and D,y during both hyperparameter selection and

evaluation.

3 Results
3.1 Task 1: cervical neoplasia detection

We first evaluated the cervical cancer dataset, comprising two
independent cohorts. First group (Cervical-G1) includes
1,677 (528 diagnosed with cervical
1,149 normal), each with 8-12 electrical impedance spectroscopy

subjects cancer and
(EIS) readings acquired circumferentially around the cervix using a
ZedScan™ probe (see first part in Method section). Each reading
was fitted using the Cole model (Buendia et al., 2011) to extract four
electrical parameters (Ry, Reo, f¢ and «), from which we derived an
8-dimensional feature vector for each subject composed of the
average and range (max-min) of each parameter, yielding an 8-
per
Second

dimensional representation subject,
Xcervical = [R_Oa Ka f) &, ARy, ARy, Afc» Aa, ] group
(Cervical-G2), comprising 112 additional cases (19 positive,
93 normal) collected from Royal Free Hospital in London, served
as an independent external test set to assess model external
generalizability.

Two forms of structured clinical prior knowledge-colposcopy
examination and smear test results, were incorporated in this task,
both of which reflect established diagnostic protocols and are
routinely considered by clinicians. These prior probabilities were
encoded as binary variables: fcop, fsmear € {0, 1}.

During validation and testing, the prior probability P(H|C)
required for Bayesian integration module was estimated from
statistics of the training set only. Intuitively, the prior probability
P(H|C) can be interpreted as the estimated probability of disease.
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TABLE 2 Performance comparison on Cervical-G1/G2 dataset.

Cervical-G1

10.3389/fbioe.2026.1973664

Methods AUC (95% ClI) Specificity (95% Cl) Sensitivity (95% Cl)
Model Prior 0.751 + 0.036 [0.743 0.758] 0.631 + 0.471 [0.536 0.725] 0.681 + 0.243 [0.638 0.735]
DT ML 0.637 + 0.037 [0.630 0.644] 0.505 + 0.119 [0.481 0.528] 0.705 + 0.132 [0.679 0.732]
PIML 0.842 + 0.032 [0.835 0.848](T 32%) ** 0.946 + 0.021 [0.942 0.950] ** 0.650 * 0.066 [0.637 0.663] **
ML + prior 0.819 + 0.037 [0.811 0.826](T 29%) ** 0.934 + 0.031 [0.928 0.940] ** 0.652 + 0.061 [0.640 0.665] **
RE ML 0.679 + 0.036 [0.672 0.686] 0.541 + 0.121 [0.517 0.565] 0.704 + 0.132 [0.678 0.730]
PIML 0.846 + 0.033 [0.840 0.853](T 26%) ** 0.945 + 0.040 [0.937 0.953] ** 0.645 + 0.073 [0.631 0.660] **
ML + prior 0.859 + 0.033 [0.852 0.865](T 27%) ** 0.924 + 0.056 [0.913 0.935] ** 0.657 + 0.073 [0.643 0.672] **
SVM ML 0.638 + 0.037 [0.630 0.645] 0.657 + 0.113 [0.635 0.679] 0.560 + 0.126 [0.535 0.585]
PIML 0.835 + 0.041 [0.827 0.844](T 31%) ** 0.912 + 0.149 [0.883 0.942] ** 0.613 + 0.160 [0.581 0.644] **
ML + prior 0.828 + 0.035 [0.821 0.835](T 30%) ** 0.914 + 0.045 [0.905 0.923] ** 0.655 + 0.074 [0.640 0.670] **
MLP ML 0.640 + 0.040 [0.632 0.648] 0.538 + 0.133 [0.512 0.565] 0.666 + 0.143 [0.638 0.695]
PIML 0.843 + 0.032 [0.837 0.850](T 32%) ** 0.944 * 0,033 [0.937 0.951] ** 0.652 =+ 0.066 [0.639 0.666]
ML + prior 0.833 + 0.038 [0.825 0.840](T 30%) ** 0.894 + 0.078 [0.879 0.910] ** 0.635 + 0.094 [0.616 0.654]

Cervical-G2

Model Prior 0.705 + 0.001 [0.705 0.705] 0.600 % 0.451 [0.509 0.688] 0.663 % 0.254 [0.613 0.714]
DT ML 0563 + 0.051 [0.553 0.573] 0.639 + 0.122 [0.614 0.663] 0.452 + 0.166 [0.419 0.485]
PIML 0.787 + 0.025 [0.782 0.791](T 40%) ** 0.912 % 0.016 [0.909 0.916] ** 0.559 % 0.040 [0.551 0.567] **
ML + prior 0.756 + 0.020 [0.752 0.760](] 34%) ** 0.943 + 0.015 [0.940 0.946] ** 0.521 + 0.030 [0.515 0.526] **
RE ML 0.600 + 0.013 [0.597 0.602] 0.720 % 0.101 [0.700 0.740] 0.364 % 0.180 [0.328 0.399]
PIML 0.801 =+ 0.030 [0.795 0.807](T 34%) ** 0.914 + 0.027 [0.908 0.919] ** 0.538 + 0.066 [0.525 0.551] **
ML + prior 0.825 + 0.009 [0.823 0.827](T 38%) ** . 0.906 + 0.031 [0.900 0.912] ** 0.549 + 0.068 [0.536 0.563] **
SVM ML 0.583 + 0.026 [0.577 0.588] 0.757 + 0.114 [0.735 0.780] 0.345 + 0.146 [0.316 0.374]
PIML 0.804 + 0.025 [0.799 0.809](T 38%) ** . 0.893 + 0.138 [0.865 0.920] ** 0.843 + 0.080 [0.827 0.859] **
ML + prior 0.799 + 0.007 [0.797 0.800](T 37%) ** 0.542 + 0.113 [0.520 0.565] ** 0.579 + 0.092 [0.561 0.597] **
MLP ML 0.603 + 0.034 [0.596 0.610] 0.695 + 0.113 [0.673 0.718] 0.415 + 0.156 [0.384 0.446]
PIML 0.801 + 0.025 [0.796 0.806](T 33%) ** 0.912 + 0.024 [0.907 0.917] ** 0.555 + 0.045 [0.546 0.565] **
ML + prior 0.794 + 0.030 [0.788 0.800]( 32%) ** 0.872 + 0.061 [0.860 0.884] ** 0.561 + 0.096 [0.542 0.580] **

Results are reported as mean + SD across 100 repetitions. Prior refers to the prior-only based results. ML + prior refers to direct feature-level prior integration in ML. PIML refers to the proposed
Bayesian integration framework with ML. Asterisks indicate statistically significant improvement over baseline ML (Wilcoxon signed-rank test, * p <0.05; ** p<0.01).

For instance, if a patient presents both a positive colposcopic and
abnormal smear test result, then P(H]|C) corresponds to the
empirical proportion of such patients in the training set who
were diagnosed with cervical cancer. For the Cervical-G2
evaluation, all
determined exclusively using Cervical-Gl1,
selected hyperparameters, prior probabilities,

external model-related quantities were
including the
validation-
derived sensitivity and specificity, the initial classification
threshold, and decision threshold. These

quantities were then fixed before evaluation on Cervical-G2,

the posterior

and no further tuning, recalibration, or parameter estimation
was performed when applied to the external cohort.
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Each machine learning model - decision tree (DT), random
forest (RF), support vector machine (SVM), and multilayer
perceptron (MLP), was independently trained and evaluated. For
robust statistical analysis, all experiments were repeated 100 times,
and mean performance metrics are reported across repetitions.

In addition to ML-based approaches, we further evaluated a prior-
only baseline, in which diagnosis was made only based on prior
probabilities derived from training dataset (using colposcopy test
results in Task 1), without incorporating EIS-based ML predictions.
This baseline reflects a purely knowledge-driven diagnostic strategy
and serves as a reference for assessing the added value of data-driven
and hybrid approaches.
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In addition to comparing the baseline ML models, the proposed
PIML method, and the prior-only-based diagnosis method, we also
designed a feature concatenation baseline as control group, in which
prior knowledge was directly appended to the input vector before
training and denoted as following:

)Eczrvical = [R70> K> f> a, AR0> ARoo: Afcs AC(, fColp> mezar] .

Finally, to assess the individual contributions of each prior
knowledge factor, we performed ablation experiments in which
either colposcopy or smear test results were excluded from the
The
Supplementary Tables S1, S2.

integration. corresponding results are presented in

Table 2 summarizes the quantitative performance for the
cervical neoplasia detection task, comparing four diagnostic
strategies: prior-only inference, baseline ML, direct feature-level
prior integration (ML + prior), and the proposed PIML
framework. Overall, both PIML and ML + prior substantially
improved diagnostic performance compared with the baseline
ML models. PIML achieved higher AUC than ML + prior for
most classifier settings, although ML + prior achieved a higher
AUC with the RF classifier in both Cervical-G1 and Cervical-G2.
These results indicate that the relative advantage of the two prior-
varies  to extent with the

integration  strategies

underlying classifier.

some

The prior-only method achieved moderate comparable
performance, with high specificity but relatively low sensitivity.
This indicates that while clinical prior knowledge provides strong
rule-based confidence for identifying negative cases, it lacks
sufficient flexibility to capture complex patterns required for
accurate disease detection. Compared with the prior-only
ML-based methods
sensitivity, indicating the importance of data-driven feature

approach, all demonstrated improved
learning in capturing disease-related patterns. Compared with
baseline ML, both ML + prior and PIML significantly improved
AUC, specificity, and overall diagnostic performance, confirming
the effectiveness of incorporating prior knowledge.

Overall, PIML outperformed ML + prior in terms of AUC across
most dataset—classifier combinations, with the exception of the RF
classifier applied to both Cervical-G1 and Cervical-G2 (p < 0.01;
Supplementary Table S4.1; Figure 3). Further evaluation using larger
datasets and additional case studies is therefore warranted to identify
the conditions and application scenarios under which PIML can
consistently outperform alternative approaches. Detailed analyses
and  extended  discussions are  provided in  the
Supplementary Appendix 1.

To further assess the probabilistic interpretation of the PIML
output, an external calibration analysis was performed on the
Cervical-G2 cohort. The experimental procedure followed the
same pipeline as the primary cervical experiment: all model
training and parameter estimation were performed using
Cervical-G1, while Cervical-G2 was used exclusively as an
independent external test cohort. This entire procedure was
repeated 100 times using the same repeated experimental design,
meaning that the fixed Cervical-G2 cohort was independently
100 models

corresponding Cervical-G1 repetitions. Across the 100 repeated

evaluated by each of the trained from the

experiments, the mean Brier score was 0.116 * 0.010, and
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subgroup-based comparisons showed reasonable agreement
between the Bayesian-updated probability estimates and observed
disease frequencies in several clinical-evidence combinations,
although deviations remained in some subgroups because there
are only a small number of patients in these subgroups. Detailed
calibration results are provided in Supplementary Tables S8, S9 and

Supplementary Figure S4.

3.2 Task 2: high-risk oral lesion detection

We next applied our method to the oral high-risk lesion dataset
to perform binary classification between subjects with high-risk oral
lesions and healthy subjects (62 in total) (Kujan et al., 2006). In this
task, smoking status was used as prior knowledge. Following the
same experimental protocol, we compared four strategies: the prior-
only method, baseline machine learning (ML), ML + prior, and
PIML. To account for repeated EIS measurements from the same
subject, model performance validation and testing were performed
at the patient level. Specifically, when multiple EIS readings were
available for the same patient, the positive-class prediction scores
from these readings were averaged to obtain a single patient-level
score. AUG, sensitivity, and specificity were subsequently calculated
based on these patient-level scores, so that each patient contributed
equally to the performance evaluation irrespective of the number of
available EIS readings. The validation threshold was also determined
using the corresponding patient-level validation scores. Each
experiment was repeated 100 times, and the mean performance
metrics with 95% confidence intervals (CI) are reported.

As shown in Table 3, the prior-only method achieved an AUC of
0.827, a specificity of 0.873, and a sensitivity of 0.700, demonstrating
the strong association between smoking status and oral high-risk
lesion risk. Across the different ML classifiers, the effect of prior-
information integration varied according to the underlying
classifier. For DT, RF, and MLP, PIML increased the AUC
relative to the corresponding ML baseline by approximately 13%,
8%, and 3%, respectively. These improvements were accompanied
by marked increases in specificity, from 0.748 to 0.930 for DT, from
0.783 to 0.842 for RF, and from 0.790 to 0.912 for MLP. Sensitivity
was also improved for these three classifiers. In contrast, for SVM,
direct incorporation of smoking status as an additional ML feature
(ML + prior) achieved the highest AUC, whereas PIML produced
the highest specificity. Overall, the patient-level results indicate that
the effect of prior integration is classifier dependent, while PIML
generally improves the specificity of the ML-based diagnosis and
provides favorable performance for DT, RF, and MLP. Detailed
model-wise comparisons and statistical analyses are provided in
Supplementary Appendix 2. To further assess the robustness of the
oral-lesion results given the limited number of independent high-
risk subjects, we performed an additional sensitivity analysis using
10 repeated stratified nested patient-level 3-fold cross-validation
with DT and MLP as representative classifiers. The overall
performance patterns were consistent with those observed in the
primary analysis, particularly with respect to the improvement in
AUC and/or specificity achieved by PIML. These additional results
indicate that the main conclusions are not dependent solely on the
repeated 8:1:1 hold-out strategy. Detailed results are provided in the
Supplementary Material.
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TABLE 3 Performance comparison on Oral high-risk lesion dataset. * indicate statistically significant improvement over baseline ML (Wilcoxon signed-rank

test, *p < 0.05; **p < 0.01).

Methods AUC (95% ClI) Specificity Sensitivity
Model Prior 0.827 + 0.157 [0.806 0.868] 0.873 + 0.134 [0.847 0.900] 0.700 + 0.266 [0.647 0.753]
DT ML 0.726 + 0.201 [0.687 0.766] 0.748 + 0.427 [0.664 0.833] 0.535 + 0.391 [0.457 0.613]
PIML 0.822 + 0.165 [0.789 0.855] (] 13%) ** 0.930 + 0.112 [0.908 0.952] ** 0.635 + 0.347 [0.566 0.704] **
ML + prior 0.721 + 0.203 [0.681 0.762] 0.733 + 0.432 [0.648 0.819] 0.545 + 0.390 [0.468 0.622]
RF ML 0.785 + 0.198 [0.746 0.824] 0.783 + 0.321 [0.720 0.847] 0.555 + 0.408 [0.474 0.636]
PIML 0.848 + 0.179 [0.812 0.883] (] 8%) * 0.842 + 0.248 [0.793 0.891] ** 0.607 + 0.369 [0.548 0.650]
ML + prior 0.803 + 0.210 [0.762 0.845] 0.912 + 0.184 [0.875 0.948] ** 0.560 + 0.378 [0.485 0.635]
SVM ML 0.756 + 0.223 [0.712 0.800] 0.718 + 0.352 [0.648 0.788] 0.540 + 0.412 [0.458 0.622]
PIML 0.741 + 0.198 [0.701 0.780] 0.900 + 0.169 [0.866 0.933] ** 0.547 + 0.375 [0.472 0.621]
ML + prior 0.909 + 0.116 [0.886 0.932] (] 20%) ** 0.882 + 0.196 [0.843 0.921] ** 0.625 + 0.379 [0.550 0.700]
MLP ML 0.752 + 0.230 [0.706 0.797] 0.790 + 0.280 [0.735 0.846] 0.510 + 0.389 [0.423 0.577]
PIML 0.772 + 0.203 [0.725 0.817] (] 3%) * 0.912 + 0.141 [0.884 0.940] ** 0.552 + 0.360 [0.431 0.634]
ML + prior 0.755 + 0.234 [0.709 0.802] 0.842 + 0.272 [0.788 0.896] 0.510 + 0.369 [0.437 0.583]

The comparative performance is shown in Figure 4 where the
ROC curves further illustrate the comparative performance of
different methods on the high-risk oral lesion detection task. The
ROC curves further illustrate that the performance of PIML and ML +
prior varies across classifiers in the high-risk oral lesion detection task.
PIML showed improved performance in some classifier settings,
whereas ML + prior achieved comparable or higher AUC in others,
particularly with the SVM classifier. Nevertheless, both prior-informed
strategies demonstrated the potential benefit of incorporating clinically
relevant prior information compared with ML-only diagnosis. In
particular, the PIML curves tend to reach higher true-positive rates
at relatively lower false-positive rates in several classifier settings,
suggesting improved diagnostic discrimination. These visual results
are consistent with the quantitative findings in Table 3 and further
support the robustness and clinical interpretability of the proposed
PIML framework.

3.3 Task 3: preterm birth diagnosis

We next evaluated model performance on the preterm birth (PTB)
dataset, aiming to distinguish between subjects who delivered
prematurely and full-term controls. In this task, prior knowledge
was derived from each subject’s obstetric history, specifically
whether they had previously experienced preterm delivery, a
clinically relevant prognostic factor for PTB. Consistent with the
previous experiments, we evaluated the prior-only method, baseline
ML, ML + prior, and PIML. In addition, we introduced PIML (APP),
in which the prior probability was obtained from the publicly available
QUIPP tool rather than being estimated from the training data (Carter
et al,, 2020; Watson et al., 2020). This setting was used to assess the
feasibility of incorporating externally derived clinical prior information
into the proposed PIML framework.

To account for repeated EIS measurements from the same
subject, model evaluation was performed at the patient level.
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Specifically, when multiple EIS readings were available for the
same patient, the positive-class prediction scores from these
readings were averaged to obtain a single patient-level score.
AUC, sensitivity, and specificity were subsequently calculated
based on these patient-level scores, ensuring that each patient
contributed equally to the evaluation regardless of the number of
EIS readings available. The validation threshold was also determined
using the corresponding patient-level validation scores. The results
are summarized in Table 4, with detailed model-wise comparisons
and statistical analyses provided in Supplementary Appendix 3.

We additionally verified that PTB was consistently defined as the
positive class for all classifiers and that the ROC score used for AUC
calculation always increased with predicted PTB risk. Therefore, the
near-chance or below-chance AUC values were not attributable to
label inversion or score-direction errors, but reflected the limited
discriminative capability of the baseline models under the unified,
non-PTB-specific feature-processing pipeline.

As shown in Table 4, PIML substantially improved the
discriminative performance of the baseline ML models across all
four classifiers. Compared with baseline ML, PIML increased AUC
by approximately 41%, 52%, 43%, and 37% for DT, RF, SVM, and
MLP, respectively. These improvements were accompanied by
marked increases in specificity and, in most cases, improved
sensitivity. The effect was particularly evident for DT, where
baseline ML showed extremely high sensitivity but almost no
specificity, whereas PIML produced a substantially more balanced
sensitivity-specificity profile.

PIML (APP) showed a similar overall pattern. Its AUC values
were 0.692, 0.676, 0.653, and 0.664 for DT, RF, SVM, and MLP,
respectively, and were consistently close to those obtained using the
internally estimated priors. This demonstrates that the PIML
framework is not restricted to prior probabilities estimated from
the training cohort and can also accommodate externally derived
clinical risk information.
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TABLE 4 Performance comparison on PTB dataset. * indicate statistically significant improvement over baseline ML (Wilcoxon signed-rank test, *p < 0.05;

**p < 0.01).

Methods AUC (95% CI)

Specificity (95% CI)

10.3389/fbioe.2026.1973664

Sensitivity (95% Cl)

Model Prior 0.685 + 0.094 [0.667 0.724] 0.608 + 0.214 [0.566 0.651] 0.757 + 0.184 [0.721 0.794]
DT ML 0.498 + 0.013 [0.496 0.501] 0.005 + 0.037 [0.002 0.012] 0.993 + 0.051 [0.983 1.000]
PIML 0.704 + 0.095 [0.685 0.723] (T 41%) ** 0.610 + 0.215 [0.567 0.652] ** 0.754 + 0.185 [0.718 0.791] **
ML + prior 0.605 + 0.111 [0.583 0.627] (T 21%) ** 0.361 + 0.354 [0.291 0.432] ** 0.796 + 0.252 [0.746 0.846] **
PIML (APP) 0.692 + 0.100 [0.675 0.711] (T 39%) ** 0.600 + 0.114 [0.562 0.631] ** 0.745 + 0.105 [0.723 0.781] **
RF ML 0.448 + 0.116 [0.425 0.471] 0.358 + 0.249 [0.308 0.407] 0.576 + 0.275 [0.521 0.630]
PIML 0.693 + 0.111 [0.661 0.705] (T 52%) ** 0.649 + 0.161 [0.617 0.681] ** 0.679 + 0.238 [0.631 0.726] **
ML + prior 0.657 + 0.106 [0.636 0.678] (T 47%) ** 0.600 + 0.165 [0.567 0.633] ** 0.663 + 0.218 [0.620 0.706] **
PIML (APP) 0.676 + 0.117 [0.652 0.699] (T 51%) ** 0.648 + 0.172 [0.614 0.683] ** 0.664 + 0.245 [0.616 0.713] **
SVM ML 0.465 + 0.087 [0.442 0.488] 0.513 + 0.291 [0.456 0.571] 0.454 + 0.338 [0.387 0.521]
PIML 0.666 + 0.119 [0.643 0.690] (T 43%) ** 0.539 + 0.298 [0.480 0.598] 0.558 + 0.271 [0.504 0.611] **
ML + prior 0.460 + 0.146 [0.431 0.488] 0.593 + 0.317 [0.530 0.656] * 0.370 + 0.322 [0.306 0.434] *
PIML (APP) 0.653 + 0.121 [0.629 0.678] (T 40%) ** 0.537 + 0.296 [0.478 0.595] 0.549 + 0.271 [0.495 0.603] **
MLP ML 0.488 + 0.117 [0.465 0.511] 0.394 + 0.238 [0.347 0.442] 0.594 + 0.286 [0.538 0.651]
PIML 0.680 + 0.103 [0.649 0.691] (T 37%) ** 0.668 + 0.164 [0.635 0.700] ** 0.650 + 0.235 [0.603 0.697]
ML + prior 0.651 + 0.105 [0.630 0.671] (T 33%) ** 0.613 + 0.210 [0.571 0.654] ** 0.567 + 0.269 [0.514 0.621]
PIML (APP) 0.664 + 0.107 [0.643 0.685] (T 36%) ** 0.670 + 0.155 [0.639 0.701] ** 0.644 + 0.232 [0.598 0.690] **

The prior-only method also showed substantial predictive
capability, achieving an AUC of 0.685, specificity of 0.608, and
sensitivity of 0.757. This indicates that previous PTB history itself
contains  clinically  meaningful  prognostic  information.
Nevertheless, the PIML framework provides a

mechanism for combining such prior clinical information with

systematic

EIS-derived ML evidence, thereby improving otherwise weak or
poorly balanced ML classifiers and enabling more reliable patient-
specific diagnostic decision-making. As illustrated in Figure 5, both
PIML and PIML (APP) demonstrate consistently superior ROC
performance across all classifiers, characterized by a noticeable
improvement. Notably, the ROC curves of ML and ML + prior
methods reveal strong variability across models and generally lower
performance in the mid-to-high specificity range.

4 Discussion

This study introduces a prior-informed machine learning
(PIML) framework that enables structured prior knowledge to
inform and enhance ML-based diagnostic decisions. Across three
independent diagnostic tasks, cervical neoplasia detection, high-risk
oral lesion detection, and preterm birth detection, PIML generally
improved performance relative to the corresponding baseline ML
models, and outperformed existing prior-only and feature-level
integration  strategies in  most  dataset—classifier
combinations. These that
knowledge, when integrated into the probabilistic inference

prior

findings reveal prior domain

process rather than treated merely as additional input features,
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can potentially enhance both the accuracy and interpretability of
machine learning-based medical diagnosis. In the context of PIML,
“clinical interpretability” refers specifically to the transparency and
traceability of the diagnostic updating process rather than to an
explanation of the internal feature representations learned by the
underlying ML classifier. Instead of providing only a binary
diagnostic output, PIML explicitly shows how a patient-specific
clinical prior is updated by ML-derived diagnostic evidence, taking
into account the empirically determined sensitivity and specificity of
the ML model, to produce a posterior probability of disease. The
resulting posterior probability therefore has a direct probabilistic
interpretation and allows clinicians to understand how the initial
clinical risk and the additional ML evidence jointly contribute to the
final diagnostic outcome.

For Al-based medical diagnosis,
interpretability are essential for building clinical trust, ensuring
accountability, identifying potential biases, and promoting the
responsible use of Al in healthcare (Tan and Benos, 2025). The
explainability and interpretability offered by PIML can make

explainability ~and

significant contributions towards achieving these objectives.
PIML provides a clearer understanding of how diagnostic
decisions are derived by combining ML-based predictions with
inferences based on medical knowledge. The sensitivity and
specificity of the ML model provide valuable information about
its diagnostic performance and help identify potential sources of bias
in its predictions. Meanwhile, the medical knowledge-based prior
represents the diagnostic insight that can be obtained from existing
clinical knowledge and expertise. Bayesian inference not only
provides a coherent framework for integrating ML predictions
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with medical knowledge but also offers a rigorous mechanism for
tracing the contributions of these components to the final diagnostic
outcome. This transparency supports accountability and, when
combined with appropriate governance and human oversight,
facilitates the fair, privacy-preserving, and responsible integration
of ML into clinical workflows. In addition, given the broad range of
expertise required, the development of PIML for specific medical
applications should involve cross-disciplinary collaboration, with
clinical experts playing a critical role in ensuring that the resulting
systems are clinically relevant, appropriately contextualized, and
aligned with real-world healthcare needs. A patient-level illustrative
example of this clinical interpretable process is provided in the
Supplementary Material (see Supplementary case).

Notably, in Task 1 (cervical neoplasia detection) and Task 2
(high-risk oral lesion detection), PIML achieved better diagnostic
performance than the ML + prior approach in most cases, with
comparable performance in a few instances. In both tasks, the prior
probabilities (P(H|C)), were derived directly from the distributions
of the internal training data. The comparable performance observed
in the few instances may be attributed to the fact that, despite
employing different computational strategies, both ML + prior and
PIML draw on the same knowledge source: structured priors
estimated from the same population.

In Task 3, the proposed PIML framework achieved a substantial
improvement over all other methods. The weak baseline ML
performance observed in the PTB task should be interpreted in
the context of the characteristics of this dataset. Multiple EIS
readings are available for individual subjects and may vary in
measurement quality and predictive relevance. Previous work by
Tian et al. (2023) introduced a dedicated filter-predictor strategy
together with additional feature construction for this PTB-EIS
highlighting  the difficulty
measurements using a conventional prediction pipeline. In the

setting, of modelling these
present study, we intentionally did not introduce PTB-specific
reading selection or complex feature engineering, because the
objective was to evaluate PIML using the same general ML
pipeline across all three diagnostic applications. The baseline
models therefore used the Cole-model-derived EIS features
without additional PTB-specific optimization. The near-chance
baseline performance should consequently be interpreted as
limited discrimination of EIS-only conventional ML under this
experimental setting, rather than as the performance of an
optimized PTB-specific prediction model.

In addition, when the ML model performs poorly, as observed in
Task 3, PIML generally improves upon the ML + prior method, a
conventional approach for incorporating auxiliary information to
improve model performance. This finding suggests that PIML can
potentially provide a significantly improved alternative to
conventional feature-level prior fusion in settings where baseline
ML performance is limited, although broader comparative studies
with other fusion strategies are required to further confirm the
conclusion.

Another important observation is that when both the ML model
and prior knowledge exhibit limited predictive performance
individually, the proposed PIML yields the best overall results.
This phenomenon is evident in both Task 1 and Task 3. In
contrast, Task 2 does not show the same, as both ML and prior
based methods already achieve strong performance (AUC>0.80).
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This may be attributed to the relatively small oral high-risk lesion
dataset size and the weaker predictive power of smoking status in
Task 2 compared to key risk factors such as PTB history or cytology
results in the other two tasks. However, the high-risk oral lesion
detection results should therefore be interpreted with particular
caution because this cohort comprised only 62 subjects, including
9 high-risk cases. Such clinically verified EIS datasets are difficult to
acquire because their collection requires prospective patient
recruitment, device-based measurements, and corresponding
clinical or histopathological diagnostic information. Although
stratified subject-level splitting ensured representation of high-
risk cases in the training, validation, and test subsets, and
repeated evaluation across 100 predefined random seeds reduced
sensitivity to any particular data partition, these repetitions do not
increase the number of independent patients. The limited number of
high-risk subjects therefore remains an important source of
uncertainty, particularly for sensitivity estimation. Accordingly,
the high-risk oral lesion detection experiment should be regarded
as a proof-of-concept evaluation of the applicability of PIML, and
further validation using a larger independent cohort will be required
to establish its clinical generalizability.

Methodologically, the superior performance of PIML across all
three tasks can be attributed to its two core conceptual
First, it ML-derived
diagnostic predictions with structured clinical priors, moving

contributions. effectively  integrates
beyond the simple feature-level fusion approaches commonly

adopted in ML applications. Second, and perhaps most
importantly, this study embeds the determination of empirical
sensitivity and specificity required for Bayesian inference directly
within the end-to-end ML model-building process. In contrast,
traditional Bayesian diagnostic approaches rely on predefined or
a priori known distributions (Chatzimichail and Hatjimihail, 2024),
an assumption that is often difficult to satisfy in real-world clinical
settings where the underlying distribution is unknown. The PIML
framework integrates a complete ML pipeline, including model
training, validation, testing, and optimal threshold determination,
with downstream Bayesian updating. By optimizing classification
thresholds within this unified framework, PIML not only enhances
the baseline diagnostic performance of the ML model but also
systematically enables the derivation of clinically meaningful and
Bayesian-updated posterior diagnostic estimates.

In real-world settings, prior knowledge may be drawn from
heterogeneous sources, including population-level screening data,
hospital-specific statistics, commercial tools (e.g., QUiPP), and
domain expertise accumulated through clinical practice. Unlike
traditional machine learning models that require retraining to
incorporate new input features, the proposed PIML framework
enables post hoc adaptation at inference by updating the outputs
of a trained model using revised prior probabilities P(H|C). This
capacity to recontextualize predictions considering evolving prior
knowledge makes PIML particularly well suited to dynamic clinical
environments, where disease prevalence, diagnostic practices, and
population characteristics may vary across time and location.
Although the present study was validated using EIS-derived
features, our PIML framework is not restricted to EIS: the
underlying ML model can process features derived from other
data laboratory
biomarkers or different combinations of modalities. Future work

modalities, including medical imaging,
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should therefore evaluate the framework using multimodal datasets
and prospective, multi-center cohorts to establish its generalizability
across different diseases, populations and clinical workflows.

Compared with data-driven fusion approaches such as logistic
regression-based late fusion and probability stacking, PIML is
methodologically distinct in that it explicitly separates patient-
specific clinical prior information from ML-derived diagnostic
evidence and integrates them coherently through Bayesian
updating. In many existing data-driven fusion strategies, an
additional model is learned from a specific development cohort
to determine how ML outputs and clinical variables are combined.
In contrast, the clinical prior in PIML is not required to originate
from the same training dataset used to develop the ML model and
may instead be derived from external clinical tools, population-
level epidemiological statistics, or established clinical knowledge.
These differences highlight the conceptual and methodological
advantages of the PIML framework, although these advantages
were not empirically demonstrated in the present study, as the
clinical priors were derived from the training data in most cases
due to the lack of additional independent information for their
estimation.

The findings in the present study should be interpreted in
relation to the level of validation achieved in each application.
Evaluation across cervical neoplasia detection, high-risk oral
lesion detection, and preterm birth prediction demonstrates the
applicability of PIML across different diagnostic tasks and prior-
information settings, but does not by itself establish broad clinical
generalizability. Among the three applications, only Cervical-G2
provides evaluation in an independent external cohort. The oral
and PTB analyses rely on repeated internal resampling of their
respective source cohorts and therefore represent internal
addition, the PIML (APP)
demonstrates the feasibility of incorporating an externally

evaluation. In experiment
developed clinical prior but does not constitute an external
validation of the underlying diagnostic model. Accordingly,
broader generalizability and translational utility remain to be
established through prospective, multicenter validation in
larger independent cohorts.

The current implementation of the PIML framework assumes
conditional independence between the ML-derived evidence and the
clinical prior information given the disease status. Although this
assumption may be clinically plausible in many cases, given the
complementary nature of the ML-derived evidence and clinical
prior information, larger datasets are needed to empirically assess
its validity. Where this assumption is substantially violated,
incorporating  clinical-information-specific likelihoods or joint
probabilistic models may be necessary when applying the PIML
framework. Investigating these extensions and
the

therefore be important priorities for our future work. Another

empirically

evaluating conditional independence assumption will
limitation is that the sample size of oral EIS dataset in this study
is limited. The oral-lesion experiment should be interpreted with
particular caution because the cohort comprised only 62 subjects,
including nine high-risk cases. Although all data partitions were
performed at the subject level using a stratified procedure to
preserve representation of both classes and prevent information
leakage, the small number of independent high-risk subjects
limits ~ the estimates,

inevitably stability of performance
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particularly sensitivity, AUC and validation-derived threshold
selection. The 100 repeated partitions were therefore used to
assess the robustness of the observed results to different patient-
level data partitions, rather than to represent 100 independent
clinical samples or to increase the effective sample size. Because
individual subjects can appear in different partitions across
repetitions, the resulting statistical comparisons and uncertainty
estimates should be interpreted as reflecting the consistency of
method-wise differences across repeated partitions rather than
the precision that would be obtained from 100 independent
cohorts. Accordingly, the oral experiment should be regarded as
a proof-of-concept evaluation of the applicability of PIML, and
validation in a substantially larger independent cohort will be
required to establish its clinical generalizability. In the present
analysis, repeated EIS measurements from the same patient were
aggregated at the prediction-score level for validation and test
evaluation, ensuring that each patient contributed only one
observation to the reported performance metrics. Future studies
with larger cohorts may further investigate alternative approaches
that explicitly model within-subject measurement variability.
Although PIML generates probability-valued outputs through
Bayesian updating, these outputs should be interpreted as
the stated
assumptions. In the present study, we performed an initial

Bayesian-updated probability estimates under
external calibration assessment using the independent Cervical-
G2 cohort, with DT selected as a representative classifier. Across
100 repeated experiments, the mean Brier score was 0.116 + 0.010,
with a range of 0.096-0.136. In addition, the PIML probability
estimates were compared with the corresponding observed
disease rates across eight combinations of ML diagnostic
evidence, smear-test result, and colposcopy result. Several
although
noticeable deviations remained for some other subgroup

subgroups showed relatively good agreement,
combinations, likely due to the small number of patients in
these subgroups. Therefore, more comprehensive calibration
additional
the

calibration intercept and slope and decision-curve analysis, will

analyses using larger independent cohorts,

classifiers, and complementary measures, such as

be important areas for further research.
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