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Abstract— Gut-brain Axis Disorders (GBAD) are a major
public health issue in poor nations, although Central American
epidemiology and risk factor modeling are lacking. Bayesian
Network (BN) models were developed and validated to characterize
probability correlations between demographic, behavioral, and
clinical characteristics related with GBAD in Honduran
communities. A cross-sectional survey was undertaken in
September—December 2025 among 1,838 12-49-year-olds in six
health regions. Use of gastrointestinal literature with Maximum
Likelihood Estimation to create the BN structure. The model
validation used 5-fold cross-validation, resulting in an AUC-ROC
of 0.686 (£0.028). Total GBAD prevalence was 56.0%. Conditional
probability analysis showed that prior medical diagnosis
(P(GBAD|Diagnosis)=0.840), smoking (P(GBAD|Smoking)=0.815),
and alcohol intake each had the highest relationships with GBAD.
A comprehensive healthy lifestyle reduced GBAD likelihood by
32.0% relative to baseline in what-if intervention analysis. Prior
diagnosis (MI=0.047), alcohol intake (MI=0.017), and smoking
(MI=0.016) were the most informative predictors. The suggested
BN framework helps public health practitioners evaluate
intervention scenarios and allocate community GBAD preventive
resources in a clear, interpretable manner.

Keywords-- Bayesian networks, Gut-brain Axis Disorders, risk
Sfactors, probabilistic modeling, public health informatics.

1. INTRODUCTION

Gut-brain Axis Disorders (GBAD) include abdominal
pain, heartburn, bloating, and bowel changes; they are a global
public health issue. The Rome IV criteria describe these
illnesses as chronic digestive symptoms without structural or
biochemical abnormalities [1]. Global epidemiological studies
estimate that 11%—15% of the population has a functional
gastrointestinal condition, with IBS being the most common
[2]. These situations are particularly difficult in Latin
American countries like Honduras due to limited healthcare
infrastructure, socioeconomic inequities, and environmental
factors that may affect disease manifestation [3].

The progressive increase in obesity triggers multiple
problems linked to the risk of gastrointestinal issues. This,
coupled with insufficient intake of healthy foods and
excessive consumption of ultra-processed foods, becomes a
risk factor that triggers morbidity throughout the digestive
system [4], [5]. The use of artificial intelligence is necessary
due to the increase in patients, the variability in symptoms,

and, above all, the lack of sufficient information, which makes
it difficult to make scenario-based decisions [6]-[8].

GBAD is caused by numerous biological, psychological,
and social factors. Diet, physical activity, tobacco and alcohol
usage, stress, and past gastrointestinal disorders have been
linked [9]. Traditional statistical methods struggle to identify
causal pathways and conditional connections among these
factors. Conventional regression models can quantify
individual risk factors, but they typically fail to reflect the
complex interactions that characterize real-world health
phenomena [10].

Bayesian ~ Networks  (BNs)  describe  complex
dependencies probabilistically and graphically. A directed
acyclic network with nodes representing random variables,
edges conditional dependencies, and CPTs quantifying these
interactions is a BN [11]. BNs have various advantages over
traditional methods: (i) explicit causal assumptions, (ii)
uncertainty-based inference, (iii) natural handling of missing
data, and (iv) what-if scenario analysis for public health
intervention planning [12]. BNs are ideal for medical
informatics applications that require interpretability and
uncertainty quantification [13].

The Honduran National Health Model considers Primary
Health Care (PHC) the foundation for equal healthcare access
[14]. Community-based health efforts need evidence-based
methods to identify at-risk people and assess preventive
treatments. Epidemiological research on Honduran GBAD
prevalence and associated variables is scarce despite this need.
This information gap limits primary care GBAD prevention
and management measures.

We developed and validated a Bayesian Network model
to quantify the probabilistic links between demographic,
behavioral, and clinical characteristics associated with GBAD
in a representative sample of Honduran communities to fill
this gap. The objectives are to (i) estimate GBAD prevalence
in the study population, (ii) construct a BN model encoding
causal assumptions from domain knowledge, (iii) validate the
model using cross-validation, (iv) simulate public health
intervention effects, and (v) identify the most informative risk
factors through mutual information analysis.
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II. MATERIALS AND METHODS

A. Study Design and Population

A cross-sectional epidemiological study was undertaken
in communities assigned to the sixth and seventh rotations of
Public Health IV at the National Autonomous University of
Honduras from September to December 2025. The target
population comprised individuals aged 12 to 49 years residing
in communities across six health regions: Intibuca (RS10),
Colon (RS2), Comayagua (RS3), Olancho (RS15), El Paraiso
(RS7), and Atlantida (RS1).

Inclusion criteria were: (1) age between 12 and 49 years;
(2) minimum residence of 6 months in the community; and (3)
provision of informed consent (or parental assent for minors).
Exclusion criteria included: (1) prior diagnosis of organic
gastrointestinal disease; (2) recent treatment (within 3 months)
for gastrointestinal infections; and (3) incomplete survey
responses.

B. Data Collection Instrument

Trained sixth-year medical students administered a
standardized questionnaire face-to-face under instructor
supervision. Six components made up the instrument: Social
demographics (age, sex, community, education level); Gut-
brain Axis Disorders (abdominal pain in last 30 days,
heartburn in last 2 weeks, gastric reflux frequency, post-
prandial abdominal inflammation); dietary habits (fiber,
water); lifestyle factors (physical activity, smoking, alcohol);
self-perceived digestive health status; and prior medical
diagnoses (IBS, g. Before deployment, the questionnaire was
pilot tested for understanding and internal consistency.

C. Variable Operationalization

The primary outcome variable, GBAD presence, was
defined as a binary composite indicator equal to 1 if the
respondent reported any of the following: abdominal pain in
the last 30 days, heartburn in the last 2 weeks, abdominal
inflammation after meals. This operationalization aligns with
the Rome IV symptomatic criteria for functional
gastrointestinal disorders [1]. Independent variables were
categorized as follows: Sex (0=Male, 1=Female); Age Group
(0=12-25 years, 1=26-35 years, 2=36-49 years); Education
(0O=Low/Incomplete, = 1=High/Complete = secondary or
university); Physical Activity (0=Less than 3 times/week,
1=At least 3 times/week); Smoking (0=No, 1=Yes); Alcohol
Consumption (0=No, 1=Yes); Fiber Intake (0=No daily fiber,
1=Daily fiber consumption); Water Intake (0=Less than 8§
glasses/day, 1=At least 8 glasses/day); and Prior Medical
Diagnosis (0=No, 1=Yes).

D. Bayesian Network Construction

Medical literature on GBAD risk factors guided the BN
structure's design. Causal assumptions for the directed acyclic
graph: Demographic factors (age, sex) directly affect GBAD
probability; behavioral risk factors (smoking, alcohol, physical
activity, diet) directly affect GBAD; prior medical diagnosis is

associated with higher GBAD probability; education level
influences health behaviors (physical activity, fiber intake);
age increases the likelihood of a prior diagnosis; and smoking
and alcohol consumption are correlated risk behaviors. While
being frugal, this structure reflects the biopsychosocial
paradigm of functional gastrointestinal diseases [15].

Conditional probability tables were estimated using
Maximum Likelihood Estimation (MLE) from the observed
data frequencies. For a binary child node Y with parents Xi,
X, ..., Xk, the CPT entry P(Y=1|Xi=x1, Xo=Xz, ..., Xi=Xx) Was
computed as the proportion of observations where Y=1 among
all observations with the specified parent configuration. This
approach provides intuitive, data-driven probability estimates
while maintaining computational efficiency [16].

E. Model Validation

The prediction performance of the model was assessed by
stratified 5-fold cross-validation. In each fold, the Bayesian
Network was trained on 80% of the data (training set) and
predictions were made for the remaining 20% (test set).
Probabilistic inference was conducted via Variable
Elimination, calculating P(GBAD=1|Evidence) for each test
observation. The classification utilized a probability threshold
of 0.5. Performance measurements encompassed accuracy,
precision, recall, Fl-score, and the area under the receiver
operating characteristic curve (AUC-ROC). The AUC-ROC
was chosen as the principal evaluation statistics because of its
resilience to class imbalance and independence from
thresholds [17].

F.  What-If Intervention Analysis

The BN framework enabled simulation of hypothetical
intervention scenarios through conditional probability queries.
Four scenarios were evaluated: Scenario 1 (elimination of
tobacco and alcohol use), Scenario 2 (promotion of physical
activity and fiber intake), Scenario 3 (comprehensive healthy
lifestyle combining all protective factors), and Scenario 4
(high-risk profile with all adverse behaviors). For each
scenario, P(GBAD=l|Intervention) was computed and
compared to the baseline population prevalence. Relative risk
reduction (RRR) was calculated as: [18].

RRR = (P_baseline — P_intervention) / (P_baseline x 100%) (1)

Variable relevance was assessed by Mutual Information
(MI), which quantifies the statistical reliance between each
predictor and the result. Mutual Information was computed via
the k-nearest neighbors’ algorithm with discrete attributes
[19]. Elevated MI values signify enhanced predictive
significance. Furthermore, chi-square tests of independence
were conducted to evaluate the statistical significance of
bivariate relationships, with odds ratios (OR) and 95%
confidence intervals calculated for clarity.
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G. Statistical Software

All analyses were conducted using Python 3.12 [20] with
the following libraries: pandas 2.0 for data manipulation,
NumPy 1.26 for numerical computations, SciPy 1.11 for
statistical tests, and scikit-learn 1.3 for machine learning
algorithms and wvalidation procedures [21]-[24]. Statistical
significance was set at a. = 0.05.

H. Ethical Considerations

This study followed the ethical principles of the 1964
Declaration of Helsinki and its subsequent amendments for
research involving human subjects [25]. All participants
provided informed consent prior to inclusion. The study was
subsequently submitted to the Ethics Committee for Scientific
Research in Health, College of Nutritionists and Dietitians of
Honduras, which granted its approval on October 2025; under
the number CEICS-CNDH-002-10-2025. This is required,
because we used data from humans to validate our simulation.

III. RESULTS

A. Sample Characteristics

A total of 1,838 participants met the inclusion criteria and
provided complete data. The mean age was 28.3 years (SD =
10.9), with ages ranging from 12 to 49 years. The sample was
predominantly female (65.2%, n=1,198). Regarding education,
29.4% completed secondary or higher education. Geographic
distribution included Intibuca (31.6%), Coléon (29.8%),
Comayagua (26.6%), Olancho (8.7%), El Paraiso (2.9%), and

Atlantida (0.4%). Table 1 presents detailed sample
characteristics.
TABLE I
SAMPLE CHARACTERISTICS (N=1,838)
Variable | n | %
Sex
Female 1,198 65.2
Male 640 34.8
Age Group
12-25 years 748 40.7
26-35 years 533 29.0
36-49 years 557 30.3
GBAD Present 1,030 56.0
Current Smoker 189 10.3
Alcohol Consumer 300 16.3
Regular Physical Activity 878 47.8
Daily Fiber Intake 1,191 64.8
Adequate Water Intake 786 42.8
Prior GI Diagnosis 388 21.1

Note: GI = Gastrointestinal; GBAD = Gut-brain Axis Disorders.

B.  Optimal Cluster Number Determination

The overall prevalence of GBAD in the study population
was 56.0% (n=1,030). Table II presents the conditional
probabilities of GBAD given each risk factor, along with chi-
square test statistics and odds ratios. Prior medical diagnosis
exhibited the strongest association (OR=5.57, 95% CI: 4.17-
7.45, p<0.001), followed by smoking (OR=3.88, 95% CI:
2.66-5.68, p<0.001) and alcohol consumption (OR=2.97, 95%
CI: 2.23-3.94, p<0.001). Regular physical activity (OR=0.63,

95% CI: 0.52-0.76, p<0.001) and daily fiber intake (OR=0.69,
95% CI: 0.56-0.83, p<0.001) demonstrated protective effects.

C. Model Validation Performance

Table III encapsulates the outcomes of the 5-fold cross-
validation. The BN model attained an AUC-ROC of 0.686
(£0.028), signifying a satisfactory discriminative capacity for
a model reliant exclusively on survey-derived risk factors,
without biomarkers. The model exhibited high precision
(0.780 £ 0.024), indicating dependable identification of real
GBAD cases among anticipated positives. Recall was
moderate (0.489 £ 0.016), indicating conservative predictions
that prioritize specificity.

TABLE II
CONDITIONAL PROBABILITIES AND ASSOCIATION MEASURES
Factor P(G%Dzl P(G]‘SSDzl 2 OR (95% CI)

Sex
(Fomale) 0.539 0.572 1.68 | 1.14(0.94-1.38)
Smoking 0.531 0.815 54.21* | 3.88 (2.66-5.68)
Alcohol 0.521 0.763 58.96* | 2.97 (2.23-3.94)
Physical %
Activity 0.615 0.501 23.50% | 0.63 (0.52-0.76)
Fiber %
Itk 0.620 0.528 13.93* | 0.69 (0.56-0.83)
?N atet 0.588 0.523 7.57% | 0.77 (0.64-0.92)
ntake
Prior 0.486 0.840 154.88% | 5.57 (4.17-7.45)
Diagnosis

*p <0.001; OR = Odds Ratio; CI = Confidence Interval.

TABLE III
CROSS-VALIDATION PERFORMANCE METRICS
Metric Mean Std. Dev.
Accuracy 0.635 0.025
AUC-ROC 0.686 0.028
Precision 0.780 0.024
Recall 0.489 0.016
F1-Score 0.600 0.009

Note: Results from stratified 5-fold cross-validation.

D. What-If Intervention Analysis

Table IV shows what-if intervention results. Baseline
GBAD probability was 0.560. Eliminating smoke and alcohol
(Scenario 1) lowered GBAD likelihood to 0.507, a 9.5%
relative risk reduction. Physical activity and fiber consumption
(Scenario 2) reduced P(GBAD) by 14.3% to 0.480. The most
effective healthy living intervention (Scenario 3) reduced
GBAD probability to 0.381, 32.0% relative risk. Scenario 4's
high-risk profile increased GBAD probability by 65.7% to
0.929.

E. Variable Importance Analysis

Mutual Information (MI) analysis identified prior medical
diagnosis as the most significant predictor (MI=0.047),
succeeded by alcohol intake (MI=0.017) and smoking
(MI=0.016). The age group (MI=0.010) and physical activity
(MI=0.007) had modest predictive significance. Sex
(MI=0.0005) and educational attainment (MI=0.0007) had
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negligible contributions to GBAD prediction. These findings
support the conditional probability analysis and emphasize
modifiable behavioral elements as primary intervention
targets.

TABLE IV
WHAT-IF INTERVENTION SCENARIO ANALYSIS
Metric P(GB;\ D=1 Change (%)
Baseline (population prevalence) 0.560 Reference
Scenario 1: No smoking + No 0.507 9.5
alcohol
Scenario 2: Physical activity + 0.480 -143
Fiber intake
Scenario 3: Comprehensive 0.381 -32.0
healthy lifestyle
Scenario 4: High-risk profile 0.929 +65.7

Note: Comprehensive healthy lifestyle = No smoking, no alcohol, regular
physical activity, daily fiber intake, adequate water intake.

TABLE V

VARIABLE IMPORTANCE RANKING BY MUTUAL INFORMATION
Rank Variable MI Score
1 Prior Medical Diagnosis 0.0466
2 Alcohol Consumption 0.0172
3 Smoking 0.0164
4 Age Group 0.0103
5 Physical Activity 0.0065
6 Fiber Intake 0.0039
7 Water Intake 0.0021
8 Education Level 0.0007
9 Sex 0.0005
Note: MI = Mutual Information; higher values indicate stronger predictive
relevance.

IV. DISCUSSION

This study introduces the inaugural application of
Bayesian Network modeling to delineate functional
gastrointestinal complaints in Honduran communities. The
documented prevalence of GBAD at 56.0% above global
estimates of 11-15% [2], but direct comparisons are
constrained by variations in case definitions and evaluation
methodologies. The increased prevalence may indicate the
comprehensive outcome definition that includes many
symptom dimensions, together with socioeconomic and
environmental factors particular to the study populations. This
prevalence corresponds with regional data indicating a greater
burden of GBAD in Latin American populations relative to
North American or European cohorts [26].

The significant correlation between previous medical
diagnosis and GBAD (OR=5.57) requires meticulous
interpretation. This link presumably indicates diagnostic
ascertainment bias, in which persons with enduring symptoms
are more inclined to pursue and obtain a diagnosis.
Nonetheless, it highlights the persistent and recurrent
characteristics of functional gastrointestinal diseases, aligning
with the Rome IV focus on the continuity of symptoms
throughout time [1]. From a public health standpoint,
individuals with previous diagnoses constitute a high-priority

demographic  for treatments and continuous
management.

The recognized correlations between behavioral variables
and GBAD align with existing literature. Smoking is
associated with modified gastrointestinal motility, mucosal
inflammation, and compromised lower esophageal sphincter
function [27]. Alcohol intake is recognized to alter gut
microbiota composition and compromise intestinal barrier
integrity [28]. In contrast, consistent physical activity has
shown advantages for gastrointestinal function by improving
motility and alleviating stress, and dietary fiber fosters a
healthy gut flora and regular bowel motion [29], [30].

The BN model demonstrated satisfactory discriminative
performance (AUC-ROC=0.686) despite its dependence on
self-reported survey data in the absence of objective
biomarkers. This performance level aligns with similar
probabilistic models for symptom-based outcomes in primary
care environments [31]. The high precision (0.780) indicates
that the model consistently identifies persons at actual risk
when a positive prediction occurs, a characteristic that is
advantageous for resource-constrained healthcare
environments where false positives result in substantial
expenses. The intermediate recall (0.489) suggests possibility
for enhancement, possibly by integrating supplementary
variables like psychological distress metrics or nutritional
information.

The what-if study yields meaningful insights into public
health policy. The discovery that extensive lifestyle changes
can decrease the likelihood of GBAD by 32.0% highlights the
significant effect of multi-faceted therapies targeting tobacco,
alcohol, physical activity, and diet concurrently. This is
consistent with the World Health Organization's guidelines for
integrated non-communicable disease prevention [32]. The
significant risk rise in the high-risk scenario (65.7%)
underscores the cumulative impact of several detrimental
habits, emphasizing the necessity for early diagnosis and
intervention for vulnerable individuals.

Numerous constraints merit attention. Cross-sectional
architecture prevents causal inference, and the BN structure,
although  knowledge-driven,  signifies one  possible
configuration among others. The symptom-based definition of
GBAD may encompass both temporary illnesses and genuine
functional impairments. Self-reported behavioral data are
susceptible to social desirability and recollection biases.
Geographic clustering within health regions may lead to
unaccounted confounding variables. Subsequent research
ought to utilize longitudinal designs, integrate structural
learning algorithms for data-driven network identification, and
corroborate findings in separate cohorts.

Notwithstanding these constraints, the study offers
multiple contributions. This represents the inaugural
community-level epidemiological characterization of GBAD
in Honduras. The BN framework provides a clear,
interpretable instrument that can be easily revised as new data
emerges. The what-if analysis feature facilitates evidence-
based scenario planning for public health officials. The

targeted
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methodology is applicable to different community health
contexts where comprehending conditional relationships
among risk factors is crucial.

V. CONCLUSION

A Bayesian Network model describing risk variables for
functional  gastrointestinal  complaints in  Honduran
communities was created and verified in this study. The
importance of these disorders for public health is highlighted
by the high incidence of GBAD (56.0%) and the discovery of
behavioral risk factors that can be changed. Physical activity
and fiber intake showed protective relationships, although
smoking, alcohol use, and previous medical diagnosis were
the strongest predictors. By simulating intervention situations
and achieving adequate prediction accuracy (AUC-
ROC=0.686), the model demonstrated potential risk
reductions of up to 32.0% with thorough lifestyle adjustment.
For primary healthcare professionals and public health
planners, the Bayesian Network concept offers an
interpretable, practical tool for efficiently allocating resources
and prioritizing interventions. To improve predictive accuracy
and causal knowledge of functional gastrointestinal diseases in
vulnerable populations, future research should include
psychological aspects and longitudinal data.
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