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P _ ABSTRACT

eywords:

diabetes mellitus; Bayesian Objective. To evaluate the performance and interpretability of Bayesian network classifiers for the

networks; artificial intelligence; early detection of diabetes. Methods. A model validation study of machine learning applied to

body mass index; hypertension; healthcare was conducted, focusing on performance assessment and explainability of algorithms

glycated hemoglobin A; algorithms; on a categorical and preprocessed dataset. Specifically, the following classifiers were trained

ggk factors; prognosis; early and applied: Naive Bayes, Tree Augmented Naive-Chow-Liu (TAN-Chow-Liu), Tree Augmented
lagnosis (source: MeSH-NLM). Naive—Hill Climbing with Super Parents (TAN-HCSP), Fast Super-Parent Search with Joint Mutual

Information (FSSJ), and the K-Dependence Bayesian Classifier (KDB). Models were tested on 100,000
preprocessed records (filtered by causal relevance and variable discretization) using bnlearn and
bnclassify. Data were partitioned 75/25 (training/testing), and accuracy, sensitivity, specificity,
and F1 score were estimated. In addition, the learned structures were analyzed against clinical
evidence. Results. All models achieved accuracy > 0.95 and F1 score > 0.94. FSSJ showed the best
performance (accuracy 0.97; specificity 1.00), while Naive Bayes and KDB achieved comparable
metrics with lower computational cost. The learned networks reproduced known associations
among body mass index (BMI), hypertension, HbAlc, and glucose, and identified indirect chains
(e.g. age influencing BMI, BMI influencing glucose, and glucose influencing diabetes), reinforcing
their clinical plausibility. Conclusions. Bayesian networks provide transparent, high-quality
predictions for diabetes risk. Basic architectures can perform on par with more complex variants
when preprocessing is rigorous. The causal pathways highlight modifiable factors (overweight,
elevated blood pressure) as priority targets for preventive interventions.

Desenredando la complejidad del riesgo de diabetes: un enfoque
bayesiano para el aprendizaje de estructuras causales

( ) Y\ RESUMEN
Palabras clave:
diabetes mellitus; redes bayesianas; Objetivo. Evaluar el rendimiento e interpretabilidad de clasificadores de redes bayesianas para
inteligencia artificial; indice de la deteccion temprana de diabetes. Métodos. Se realizé un estudio de validacién de modelos
masa corporal; hipertensién; de aprendizaje automatico (machine learning) aplicado al campo de la salud, enfocado en
hemoglobina a glucosilada; la evaluacién de rendimiento y explicabilidad de algoritmos sobre un conjunto de datos
algoritmos; factores de riesgo; categoricos y preprocesado. Especificamente, fueron entrenados y aplicados: Naive Bayes,
prondstico; diagndstico precoz Tree Augmented Naive-Chow-Liu (TAN-Chow-Liu), Tree Augmented Naive-Hill Climbing
\(fue“te DeCs-BIREME). ) with Super Parents (TAN-HCSP), Fast Super-Parent Search with Joint Mutual Information

(FSSJ) y K-Dependence Bayesian Classifier (KDB), sobre 100 000 registros preprocesados
(filtrados por su relevancia causal y discretizacion de variables) utilizando bnlearn 'y bnclassify.
La particion fue 75/25 (entrenamiento/prueba) y fueron estimadas exactitud, sensibilidad,
especificidad y F1; ademas, fueron analizadas las estructuras aprendidas frente a la evidencia
clinica. Resultados. Todos los modelos alcanzaron exactitud > 0,95y F1 > 0,94. El FSSJ mostré
el mejor desempefio (exactitud 0,97; especificidad 1,00), mientras que Naive Bayes y KDB
lograron métricas similares con menor costo computacional. Las redes aprendidas reprodujeron
asociaciones conocidas entre el indice de masa corporal (IMC), hipertensién, HbAlcy glucosa,
e identificaron cadenas indirectas (por ejemplo, la edad influye en el IMC; este, a su vez, influye
en la glucosa y finalmente en la diabetes), reforzando su plausibilidad clinica. Conclusiones.
Las redes bayesianas proporcionan predicciones transparentes y de alta calidad para el riesgo
de diabetes. Las arquitecturas basicas pueden igualar a variantes mas complejas cuando el
preprocesamiento es riguroso. Las rutas causales resaltan factores modificables (sobrepeso,
presion arterial elevada) como objetivos prioritarios para intervenciones preventivas.
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Diabetes risk using Bayesian causal models

Early detection of diabetes is critical for reducing
morbidity and mortality. Globally, more than
422 million people live with the disease, and 1.5
million deaths are attributed to it each year, with a
disproportionate burden in low- and middle-income
countries @. In 2021, the International Diabetes
Federation (IDF) @ estimated that 537 million adults
(10.5 % of the global population) had diabetes,
generating USD 966 billion in healthcare expenditures,
with projections reaching 643 million by 2030 and 783
million by 2045, surpassing USD 1.054 trillion in costs.

Given these concerns, therapeutic personalization
requires strong causal hypotheses, as data-driven
causal discovery can support clinical decision-
making ©. Various machine learning algorithms
exceed 85% accuracy in diabetes prediction @
and detect subtle patterns in rare diseases ©. In
this context, Bayesian networks (BN) stand out for
their ability to manage uncertainty and provide
interpretability ©®, along with their flexibility for
categorical and continuous variables, incorporation
of expert knowledge, and inference with missing
data ©Y, Previous evidence in diabetes has reported
positive and negative predictive values of 69.6% and
79.9% in women @2, as well as dependencies between
relevant features using Bayesian approaches 3. A
persistent challenge is class imbalance, which reduces
classifier performance . To mitigate this issue,
techniques such as Synthetic Minority Oversampling
Technique (SMOTE) @, undersampling @9, hybrid
strategies 1, weighted feature selection with Random
Forest and XGBoost *®, and cost-sensitive learning
with dimensionality reduction 19 have been applied.
In BN, the combination of feature detection and
multiple resampling has facilitated the identification
of risk factors @, and it is crucial to distinguish a
generative BN from a BN classifier optimized for
predictive accuracy ®. Recent studies have expanded
the framework: BN integration for type 2 diabetes
(T2D) and coronary heart disease (CHD) ©?, the use
of Markov blankets in prediabetic populations @, and
the exploration of biomarker interactions through
Tabu search and bootstrap techniques @2,

Despite  methodological advances, several
gaps remain: (a) head-to-head comparisons of
multiple Bayesian classifiers under standardized
preprocessing in large, categorical, imbalanced
datasets are lacking; (b) it is not clearly delineated
when basic architectures—such as Naive Bayes or

@ https://doi.org/10.37711/rpcs.2025.7.3.12

Lituma Villamar NM.

the K-Dependence Bayesian Classifier (KDB)—match
or outperform more complex variants, such as
Tree-Augmented Naive Bayes (TAN) in its Chow-Liu,
Hill Climbing with Statistical Perturbation (HCSP),
or Forward Sequential Selection and Joining
(FSSJ) forms, in terms of clinical utility; and (c) it is
necessary to verify that the learned structures are
clinically plausible and highlight modifiable factors
for intervention. Addressing these gaps is relevant
for decision-support systems and for prioritizing
prevention and risk-management strategies.

The objective of this study was to compare
the performance and interpretability of Bayesian
classifiers—Naive Bayes, Tree Augmented Naive—
Chow-Liu (TAN-Chow-Liu), Tree Augmented Naive—
Hill Climbing with Super Parents (TAN-HCSP), Fast
Super-Parent Search with Joint Mutual Information
(FSSJ), and the K-Dependence Bayesian Classifier
(KDB)—applied to a dataset of 100,000 diabetes
predictors @, following preprocessing (discretization
and causal-relevance filtering) and imbalance-handling
strategies. Accuracy, sensitivity, specificity, and
F1-scores were evaluated, and the learned structures
were contrasted with existing clinical literature.

A machine learning model-validation study was
conducted in the health domain, focused on
evaluating the performance and explainability of
algorithms applied to a categorical, preprocessed
dataset. The Diabetes Health Indicators Dataset,
a public dataset available on Kaggle with 100,000
records and 16 diabetes predictors @, derived from
the Centers for Disease Control and Prevention
(CDC) Behavioral Risk Factor Surveillance System
(BRFSS) surveys, was used. The choice of this dataset
is justified by its large sample size—over 250,000
original records—which provides the statistical
power necessary for training and validating machine
learning models. Its accessibility and structure make
it a valuable resource for exploratory research on the
feasibility of artificial intelligence (Al) algorithms in
identifying risk factors in large populations, facilitating
reproducibility and cross-study comparisons in the
scientific community @9,

During preprocessing, no missing values were
detected; the five race variables were merged into a
single categorical feature, while age and BMI were
discretized. Year and region were excluded due to low
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Table 1. Performance metrics using different libraries

Lituma Villamar NM.

Metrics using the bnclassify library

Algorithm Accuracy Sensitivity Specificity F1l-score
Naive Bayes 0.965 0.975 0.987 0.981
TAN-CL 0.969 0.970 0.997 0.983
TAN-HCSP 0.965 0.974 0.987 0.981
FSSJ 0.970 0.969 1 0.984
KDB 0.965 0.974 0.987 0.981
Metrics using the bnlearn library
Algorithm Accuracy Sensitivity Specificity F1-score
Naive Bayes 0.963 0.987 0.987 0.980
TAN-CL 0.780 0.945 0.806 0.870
TAN-HCSP 0.953 0.951 1 0.975
FSSJ 0971 0.969 1 0.984
KDB 0.965 0.975 0.987 0.981

causal relevance. All fields were converted to factors
in R, and the dataset was shuffled and split 75/25
(training/test), with reproducibility ensured. Naive
Bayes, TAN-Chow-Liu, TAN-HCSP, FSSJ, and KDB
were trained using bnclassify (Laplace smoothing)
and subsequently refined with bnlearn. Conceptually,
Naive Bayes assumed conditional independence; TAN
incorporated a dependency tree; TAN-HCSP added
hierarchical constraints; FSSJ performed sequential
forward feature selection; and KDB combined
k-parent structures with dynamic Bayesian reasoning
for temporally drifting data. Accuracy, precision,
recall, and F1l-scores above 0.90 were obtained for
all classifiers; TAN-Chow-Liu provided the clearest
dependency map, and FSSJ exhibited the highest
computational efficiency. Learned structures were
inspected using gRain and visualized with Rgraphviz,
confirming clinically plausible links between key
predictors and diabetes.

u RESULTS

Using the bnlearn package, three directed acyclic
graphs (DAGs) were generated, making the learned
Bayesian structures explicit (see Figures 1, 2, and
3). These visualizations shifted the focus from
raw predictive accuracy toward the underlying
probabilistic dependencies, allowing an assessment
of how each algorithm encodes clinical knowledge
(see Table 1).

In Figure 1, the star-shaped topology of Naive Bayes
is shown: each predictor is modeled as a direct child
of diabetes, with no lateral links among variables. An
additional layer is displayed in which age channels
risk toward hypertension, heart disease, and BMI,
highlighting age as the pathway through which
diabetes "explains” subsequent morbidity. Although

Figure 1. Bayesian model graph of Naive Bayes
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Figure 2. Bayesian model graph of the Chow-Liu structure

the independence assumption simplifies computation,
it also flattens real-world correlations; for instance,
glucose and glycosylated hemoglobin (HbAlc) do not
interact with each other, despite their well-established
physiological relationship.

With the TAN-Chow-Liu learner, a tree structure was
generated that placed BMI at the root, from which
three epidemiological trajectories radiated: smoking
history, BMI and sex—capturing sex-specific patterns
of consumption, age, BMI, and hypertension, reflecting
the increase in blood pressure mediated by weight
and aging; BMI toward heart disease; and finally
diabetes, representing a canonical cardiometabolic
cascade. Sustained glycemia (HbAlc) was modeled
as a direct input to diabetes, while glucose and race/
ethnicity remained isolated, suggesting that in this

cohort chronic exposure constitutes a stronger signal
than a single glucose measurement, and that ethnic
variability may be negligible (see Figure 2).

Figure 3 was generated by the TAN-HCSP algorithm,
enriching the tree without losing interpretability.
HbA1lc was modeled as the “super-parent” of diabetes,
which in turn connected to age, and through age, to
BMI and smoking history, eventually reaching sex
and heart disease. The metabolic circuit was closed
with the BMI loop associated with hypertension,
which in turn connects to diabetes; glucose was also
directly connected to diabetes. This architecture
captured multi-step chains: how age influences
BMI, BMI influences glucose, and glucose ultimately
influences diabetes—balancing simplicity with deeper
epidemiological detail.

glucose

Figure 3. Bayesian model graph of TAN-HCSP (Hill-Climbing)
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The risk factors identified by our model—such as
high BMI, physical inactivity, and hypertension—are
consistent with the clinical practice guidelines of
the American Diabetes Association (ADA) and the
International Diabetes Federation (IDF), thereby
validating the model’s ability to recognize clinically
relevant patterns 728, However, unlike the fixed risk
thresholds used in guidelines, the Al model offers a
more granular perspective by uncovering complex,
non-linear interactions among variables, which could
complement and personalize risk stratification in the
future @, It is essential to interpret these findings as
associations rather than direct causality, given the
cross-sectional design of the study.

A direct trajectory was observed from elevated
levels of glycated hemoglobin (HbAlc) to the
presence of diabetes, supporting the role of chronic
hyperglycemia as a central axis of progression from
intermediate states to overt disease, as well as its
value as both a diagnostic and prognostic marker
in clinical practice @*303D Moreover, even in the
absence of a formal diagnosis, high HbAlc values
have been associated with an increased incidence of
medium-term cardiovascular events, reinforcing its
clinical relevance beyond the diagnostic threshold @9,

Conversely, the pathway connecting BMI,
hypertension, and heart disease identified by
the network was consistent with evidence linking
adiposity to increased risk of hypertension and,
subsequently, cardiovascular disease 23, From a
mechanistic standpoint, obesity has been associated
with insulin resistance, endothelial dysfunction, and
chronic inflammation—elements that promote the
development of hypertension and atherosclerosis.
Furthermore, hypertension has been reported to act as
a major mediator of the cardiovascular consequences
of obesity ©3. Accordingly, weight control has been
considered a key strategy for interrupting this causal
chain and reducing the burden of cardiovascular
disease 4233,

In comparison with recent literature, this study
showed agreement with Bayesian models applied
in prediabetes, in which HbAlc and BMI emerged
as the most influential factors in progression
toward type 2 diabetes and in risk stratification ©3.
Likewise, the coexistence of glycemic abnormalities
and cardiometabolic factors was associated with
a meaningful increase in cardiovascular risk,
underscoring the need to assess risk comprehensively

Rev Peru Cienc Salud. 2025;7(3):226-33

Lituma Villamar NM.

rather than in isolation ©*3. When considered
jointly, the inferred trajectories suggest that early
clinical intervention targeting glycemic control and
body weight may translate into both metabolic and
cardiovascular benefits 413339,

A practical contribution of this approach lies in
the ability of Bayesian networks to represent and
communicate clinical interdependencies among
variables, as well as to answer counterfactual questions
(“what would happen if...?") that are useful in decision-
making. This allowed visualization of direct and indirect
pathways (e.g., BMI — hypertension — heart disease)
and provided a basis for prioritizing interventions
according to their potential impact on individual risk 0.

Among the limitations of this study is the risk
of population bias, as the BRFSS-derived dataset
primarily reflects the demographic profile of the
United States and may underrepresent ethnic groups
with different risk patterns ©®. This bias compromises
the external validity of the model, since an algorithm
trained on a specific population may exhibit poor and
non-generalizable performance in other demographic
contexts, potentially exacerbating existing health
disparities—an issue widely documented in Al and
health research ¢73®), Therefore, before considering
clinical implementation, future research must
prospectively validate the model in local and diverse
cohorts using more inclusive datasets and fairness-
aware machine learning methodologies to ensure
that its benefits are universal and not restricted to the
original study population ©9.

Another fundamental aspect to consider is that the
integration of Al tools into diabetes prediction entails
important ethical and regulatory implications that
require a proactive approach. Chief among these is the
"black box” problem inherent to complex algorithms,
which compromises both patient autonomy and
clinician accountability, highlighting the imperative
to develop explainable Al (XAl) systems that enable
transparent, evidence-based medical decision-
making “9. From a regulatory perspective, agencies
such as the FDA and EMA are developing frameworks
for the approval of software as a medical device
(SaMD), which require rigorous clinical validation,
continuous  post-deployment monitoring, and
privacy protocols in accordance with regulations such
as HIPAA and GDPR “42), Finally, it is imperative to
ensure equity in access to these technologies to avoid
widening digital and health disparities, guaranteeing
that  diabetes  risk-stratification  algorithms
become tools for universally accessible preventive
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interventions rather than sources of discrimination in
healthcare or insurance settings ©9.

As an integrated roadmap for improvement, the
following actions are proposed: a) enrichment of
variables and model structure: incorporate explicit
connections for sex and race/ethnicity due to their
impact on diabetic and cardiovascular risk; expand the
characterization of smoking (active/passive) given its
indirect effects through vascular health; add dietary
habits, physical activity, and family history (currently
absent or insufficiently granular); extend biomarker
panels (lipid profile, renal function, inflammatory
markers) to capture additional pathophysiological
pathways; and include genetic and environmental
factors (e.g., polygenic scores, exposure to pollutants)
for a more comprehensive assessment of risk; b)
rigorous design and validation: conduct multicenter
longitudinal studies to ensure temporal precedence
and external validity; perform subgroup validation (age,
sex, ethnicity, comorbidities) to audit model fairness;
report calibration metrics (Brier score, calibration
curves) and clinical usefulness (decision curves) in
addition to discrimination; and address imbalance
using sampling strategies and cost-sensitive learning,
guantifying their impact on sensitivity, specificity, and
equity; c) interventions and translation: design and test
interventions targeting indirect chains (e.g., BMI —
hypertension — heart disease), prioritizing modifiable
factors (BMI, blood pressure); use counterfactual
inference to estimate the impact of 5-10 % weight
loss or antihypertensive intensification on future
diabetes and cardiovascular risk; and integrate dynamic
data (continuous glucose monitoring, home blood
pressure, wearables) and temporal models (DBN/KDB)
to capture drift and trajectories; d) implementation
and governance: progressively integrate the models
into electronic health records (EHRs) with explainable
outputs (causal pathways, variable contributions),
ethical safeguards, and periodic audits; establish
update cycles (retraining and threshold review) with
monitoring of performance, fairness, and safety; and
define protocols for use (who/when/how), supported
by educational materials to ensure safe and effective
adoption.

Conclusions

Despite their structural differences, all classifiers
exceeded an accuracy of 0.96 after cross-validation.
FSS) achieved the highest performance, with
approximately 0.97 accuracy and perfect specificity,
while Naive Bayes, TAN-HCSP, and KDB demonstrated
consistently strong performance. TAN-CL was more
sensitive to data idiosyncrasies, although it enabled
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the identification of new causal pathways. These
results confirm that when relationships among
variables are relatively simple, basic Bayesian
architectures can match the performance of more
elaborate variants. Even so, structure-learning tools
such as bnlearn remain indispensable for extracting
clinically interpretable connections, contributing
insights that can guide targeted prevention strategies
beyond what scalar performance metrics can convey.

Furthermore, the findings suggest that the models
are useful for cardiometabolic risk stratification
and personalized decision-making. The causal
representation obtained would allow the prioritization
of interventions on modifiable factors (e.g., weight
control and blood pressure management) and support
risk communication in terms that are understandable
to both patients and clinical teams.

In this sense, the study shows that increasing
architectural complexity in Bayesian classifiers does
not necessarily translate into proportional predictive
improvements, given that all evaluated models
achieved comparable performance. The findings
highlight the importance of balancing predictive
accuracy with clinical interpretability, positioning
these methodologies as valuable tools for precision
medicine. The ability to generate causally interpretable
representations facilitates both patient stratification
and the development of personalized preventive
strategies, representing a meaningful advance toward
optimizing cardiovascular health outcomes through
interventions directed at modifiable risk factors.
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