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 A B S T R A C T

Synthetic data generation using Bayesian networks (BN) offers a promising approach to overcoming data 
scarcity in clinical prediction tasks, yet its actual impact on model performance remains underexplored. This 
study investigates the use of Bayesian network-based generative models to produce synthetic patient data 
and examines how the quality of the original real data influences the effectiveness of such augmentation. 
Three benchmark datasets from the UCI Heart Disease repository (Cleveland, Hungary, and Switzerland) were 
employed, all sharing an identical structure comprising 13 clinical predictors. The Cleveland dataset, which is 
the most complete and consistent among the three, was used exclusively as the training source for learning the 
Bayesian network structure and parameters under clinically informed constraints. To ensure robust evaluation, 
the dataset was partitioned into two independent subsets: 153 patients were used to train the Bayesian network, 
while 150 held-out patients were used exclusively to generate synthetic records. Predictive models were 
trained under three configurations: real data only, synthetic data only, and a hybrid real + synthetic (filtered) 
dataset, and evaluated using 10-fold cross-validation and external validation on independent cohorts. Results 
indicate that integrating real and synthetic data significantly improved accuracy and precision, particularly 
for the Switzerland cohort (F(2,27)=23.06, 𝜂2=0.63)), whereas improvements were smaller and partially non-
significant in the noisier Hungarian dataset. These findings demonstrate that the effectiveness of synthetic 
augmentation depends on the structure and completeness of the source data, underscoring the importance of 
data quality for reliable generative modelling in clinical prediction.
1. Introduction

Over the past two decades, data-driven approaches have rapidly 
transformed healthcare analytics, particularly with the rise of electronic 
health records and scalable machine learning systems [1,2]. Beam 
and Kohane [1] emphasise how these methods enable population-
level prediction, while [2] highlight their role in integrated digital 
medicine. This transformation has been particularly evident in car-
diovascular disease prediction, where machine learning models show 
considerable promise for early diagnosis, risk stratification, and clinical 
decision support, as heart disease remains one of the leading causes 
of morbidity and mortality worldwide [3]. However, the effectiveness 
of these models often depends critically on the quantity, quality, and 
representativeness of available data.
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While machine learning techniques excel at identifying complex, 
non-linear relationships within clinical datasets, their performance re-
mains fundamentally constrained by the underlying data character-
istics. Medical datasets present several challenges that limit model 
development and deployment. Many clinical studies draw from single 
institutions or relatively small patient populations, constraining both 
statistical power and the ability to develop generalisable models. Addi-
tionally, missing values and inconsistent records further degrade data 
quality, requiring data preprocessing and imputation. These challenges 
often result in predictive models that are prone to overfitting, lack 
robustness, or fail to generalise beyond the training environment.

To address these fundamental constraints, synthetic data generation 
has gained attention as a complementary strategy for dataset augmenta-
tion [4]. When properly implemented, synthetic data can help address 
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class imbalance, expand dataset diversity, and provide additional train-
ing examples while preserving patient privacy, a particularly important 
consideration in healthcare applications.

Bayesian networks (BN) offer a compelling framework for synthetic 
data generation in medical contexts [5]. Moreover, their structure 
can incorporate existing clinical knowledge, ensuring that generated 
samples reflect established medical understanding rather than purely 
empirical patterns.

BN provide a principled framework for modelling probabilistic de-
pendencies in healthcare data [5]. Unlike purely data-driven models 
such as Generative Adversarial Network (GAN) or Variational Autoen-
coder (VAE), they can embed prior clinical knowledge directly into the 
network structure, preserving interpretability and causal coherence—
an aspect emphasised by Lappenschaar et al. [5] and later reviewed 
by Pezoulas et al. [6]. In this regard, Kaur et al. [7] applied Bayesian 
networks to generate synthetic health records, focusing on the preserva-
tion of rare events and evaluating the extent to which synthetic datasets 
could maintain key statistical properties of the original data. Unlike 
their work, which primarily emphasised data fidelity and privacy con-
siderations, this work explores the use of Bayesian network–based 
synthetic data generation specifically as a strategy aimed at improving 
predictive performance in cardiovascular disease modelling. This com-
bination of interpretability, domain knowledge integration, and princi-
pled uncertainty quantification makes Bayesian networks particularly 
well-suited for healthcare applications where model transparency and 
clinical plausibility are essential, as highlighted in previous studies [5].

Three main research objectives guide our study:

• to determine whether models trained with synthetic augmenta-
tion outperform those relying solely on limited real-world
datasets;

• to investigate how the intrinsic quality of real data influences the 
fidelity and predictive value of synthetic records;

• to analyse the impact of random sampling variability on the 
characteristics of generated datasets and downstream model per-
formance.

By systematically addressing these questions, our study provides 
new insights into the practical value of Bayesian networks for health-
care data augmentation [8]. Ultimately, this work aims to clarify the 
role of synthetic data in overcoming common limitations of medical 
datasets and to inform the development of more reliable and gener-
alisable predictive models in clinical practice. The remainder of this 
paper is structured as follows. Section 2 outlines the study objectives, 
Section 3 details the analysis workflow and methodologies employed, 
Section 4 presents the results of the analysis, and Section 5 concludes 
the paper underlying potential directions for future research.

2. Study objectives

In this study, we investigate the impact of synthetic data generated 
through Bayesian networks on predictive modelling in the medical 
domain, with a particular focus on heart disease datasets [9]. The 
underlying hypothesis is that, when carefully constructed, synthetic 
data can compensate for the limited size, class imbalance, and vari-
ability commonly encountered in real-world clinical datasets, thereby 
enhancing model performance without compromising data integrity or 
generalisability.

To systematically evaluate this hypothesis, we define three key 
research questions (RQ):

1. RQ1: Do synthetic data generated via Bayesian networks im-
prove predictive performance compared to models trained ex-
clusively on real data in small heart disease datasets?
This question aims to determine whether synthetic augmentation 
offers tangible benefits in terms of accuracy, recall, or F1-score 
when real data are scarce.
2 
2. RQ2: How does the initial quality of real data influence the 
effectiveness of synthetic data?
We hypothesise that well-structured, informative real data sup-
port the generation of useful synthetic records, while noisy or 
unbalanced data may limit their utility or introduce bias.

3. RQ3: What is the impact of randomness in the sampling of real 
data on the characteristics of the synthetic data and the resulting 
model performance?
To explore this, we train multiple Bayesian networks on different 
random subsets of the real dataset, examining the variability in 
both the generated data and model outcomes.

3. Materials and methods

Building upon the theoretical foundations of Bayesian networks and 
their application to probabilistic modelling, this section outlines the 
experimental methodology adopted in the present study. The entire 
workflow, from data selection to model evaluation, is illustrated in Fig. 
1 and is described in detail in the following subsections.

3.1. Bayesian Networks: Background and construction from data

Bayesian Networks (BNs) are probabilistic graphical models that 
combine graph theory and Bayesian inference to represent uncertainty 
and conditional dependencies among random variables. A BN is defined 
by a directed acyclic graph (DAG), in which nodes represent variables 
and edges encode direct probabilistic dependencies, together with a set 
of local conditional probability distributions associated with each node.

From a data-driven perspective, the construction of a Bayesian 
network typically follows a structured pipeline. First, raw data are 
preprocessed to handle missing values and, when necessary, continuous 
variables are discretised to improve model stability and interpretability. 
Second, the network structure is learned either purely from data or 
under the guidance of prior domain knowledge, which can be ex-
pressed through structural constraints. Third, once the graph topology 
is defined, the parameters of the local conditional distributions are 
estimated from the data. Finally, the resulting model can be used 
for probabilistic inference, enabling reasoning under uncertainty and 
supporting classification or prediction tasks.

The mathematical foundation of Bayesian networks lies in Bayesian 
inference, which formalises how prior beliefs are updated in the pres-
ence of observed evidence. This framework allows the integration of 
expert knowledge and empirical data within a unified probabilistic 
representation. The conditional independence assumptions encoded in 
the DAG lead to a factorisation of the joint probability distribution, sig-
nificantly reducing model complexity while preserving interpretability.

Based on this general construction process, the following sections 
describe how these steps were applied in the present study, starting 
with a description of the dataset 3.2, moving on to the definition of the 
network structure 3.3, 3.4 based on clinically informed constraints, and 
finally proceeding to parameter estimation and probabilistic inference 
3.5.

3.2. Datasets

The experimental framework employs three benchmark datasets 
from the UCI Heart Disease repository, representing patient records 
from distinct geographic sites: Cleveland, Hungary, and Switzerland. 
All three datasets share the same structure and variable definitions, en-
abling consistent modelling and comparative evaluation across cohorts.

Each record is described by 13 clinical attributes capturing demo-
graphic information, symptoms, laboratory measurements, and exercise-
related indicators, together with a target variable (HeartDisease) 
indicating the presence (values 1–4) or absence (0) of coronary artery 
disease.
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Fig. 1. Overview of the experimental workflow. The pipeline begins with dataset selection, followed by Bayesian Network construction and the generation of 
synthetic patient data. Real and synthetic samples are subsequently integrated and subjected to Principal Component Analysis (PCA) to evaluate distributional 
overlap and variability. Predictive models are trained and validated using cross-validation protocols, and their performance is quantified using standard 
classification metrics, including external validation on independent datasets.
The clinical attributes are encoded using standard abbreviations 
defined in the original dataset specification, including age (age in 
years), sex (biological sex), cp (chest pain type), trestbps (resting 
blood pressure), chol (serum cholesterol), fbs (fasting blood sugar),
restecg (resting electrocardiographic results), thalach (maximum 
heart rate achieved), exang (exercise-induced angina), oldpeak (ST 
depression induced by exercise), slope (slope of the peak exercise ST 
segment), ca (number of major vessels coloured by fluoroscopy), and
thal (thalassemia).

A detailed overview of data completeness and missing values for 
each variable across the three datasets is reported in Tables  1 and 2.

3.2.1. Cleveland dataset
This dataset comprises 303 patient records collected between May 

1981 and September 1984 at the Cleveland Clinic Foundation (USA). 
The Cleveland dataset has relatively few missing values: 6 records 
contain incomplete information, primarily affecting the variables ca
and thal. These records were retained after applying mode imputation 
to preserve as much original data as possible.

Due to its completeness and balanced class distribution, the Cleve-
land dataset was selected as the primary source for both training the 
Bayesian network and generating synthetic data [10].

3.2.2. Hungarian dataset
The Hungarian dataset contains 294 patient records collected at 

the Hungarian Institute of Cardiology in Budapest. It follows the same 
structure as the Cleveland dataset, with 13 clinical attributes and the
Heart disease target variable. However, it exhibits a high propor-
tion of missing values. Most records are incomplete, particularly in the 
variables ca (291 missing), thal (266), and slope (190), along with 
additional gaps in chol, fbs, and others.

Out of 294 records, only 1 is fully complete, while the remaining 
293 have at least one missing value. This dataset was used exclusively 
for external validation to assess model generalisation [11].

3.2.3. Switzerland dataset
The Switzerland dataset consists of 123 patient records collected 

at the University Hospital in Zurich. As with the other datasets, it 
includes the standard 13 clinical features and the Heart disease
target variable. This dataset is notably sparse, with missing data in 
critical variables such as ca (118 missing), thal (52), and fbs
3 
Table 1
Number of complete values per variable across the Cleveland, Hungarian, and 
Switzerland datasets.
 Variable Cleveland Hungarian Switzerland 
 Age 303 294 123  
 Sex 303 294 123  
 Chest pain (cp) 303 294 123  
 Resting BP (trestbps) 303 293 121  
 Cholesterol (chol) 303 271 123  
 Fasting blood sugar (fbs) 303 286 48  
 Resting ECG (restecg) 303 293 122  
 Max heart rate (thalach) 303 293 122  
 Exercise angina (exang) 303 293 122  
 ST depression (oldpeak) 303 294 117  
 ST slope (slope) 303 104 106  
 Number of vessels (ca) 299 3 5  
 Thalassemia (thal) 301 28 71  

Table 2
Number of missing values per variable across the Cleveland, Hungarian, and 
Switzerland datasets.
 Variable Cleveland Hungarian Switzerland 
 Age 0 0 0  
 Sex 0 0 0  
 Chest pain (cp) 0 0 0  
 Resting BP (trestbps) 0 1 2  
 Cholesterol (chol) 0 23 0  
 Fasting blood sugar (fbs) 0 8 75  
 Resting ECG (restecg) 0 1 1  
 Max heart rate (thalach) 0 1 1  
 Exercise angina (exang) 0 1 1  
 ST depression (oldpeak) 0 0 6  
 ST slope (slope) 0 190 17  
 Number of vessels (ca) 4 291 118  
 Thalassemia (thal) 2 266 52  

(75). Additional missing values appear in variables including slope,
oldpeak, and trestbps. No records are fully complete: 100% of 
entries contain at least one missing value. Despite this limitation, the 
Switzerland dataset serves as an external test set to challenge the 
robustness and adaptability of the model [12].

A detailed overview of data completeness for each variable across 
the three datasets is presented in Tables  1 and 2.
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Fig. 2. Structure of the Bayesian network learned from the Cleveland dataset.
3.2.4. Data preprocessing
To enable structure learning via Bayesian networks, all continuous 

variables in the Cleveland dataset were discretised into three ordinal 
intervals using clinically relevant thresholds (see e.g. ACC/AHA guide-
lines for BP and standard clinical cut-offs for total cholesterol) [13,
14].

Specifically: Age was grouped into ≤45, 46–60, and >60 years;
RestingBP into ≤120, 121–140, and >140 mmHg; Cholesterol
into ≤200, 201–250, and >250 mg/dL; MaxHR into ≤110, 111–150, and
>150 bpm; and Oldpeak into ≤1.0, 1.1–2.5, and >2.5. This binning 
strategy enhances interpretability and improves modelling stability in 
probabilistic graphical models [15–17].

Missing values were imputed using mode substitution, applied in-
dependently to each variable to preserve distributional consistency and 
minimise information loss.

3.3. Bayesian network modelling

In this study, we propose a network pipeline derived from clinical 
data using a constraint-based structural learning approach, which is 
subsequently employed for classification and inference tasks related 
to heart disease. The overall model, shown in Fig.  2, was constructed 
from a subset of the Cleveland dataset and encodes the joint probability 
distribution over the observed features and the target outcome.

The rest of this section describes the methodology applied for 
structured network learning. Specifically, we outline the procedure 
for structure learning based on clinical constraints, followed by pa-
rameter estimation of the conditional distributions, and conclude with 
the application of the trained network for probabilistic inference and 
classification.

3.4. Bayesian network structure learning

To avoid information leakage and ensure a clear separation between 
model training and synthetic data generation, the Cleveland dataset 
was partitioned into two disjoint subsets. A subset of 153 patient 
records was used for Bayesian network structure learning and model 
training within the cross-validation procedure, while the remaining 
records were reserved for synthetic data generation, as detailed in 
Section 3.6. Following data preprocessing, a Bayesian network was 
4 
learned from a randomly selected subset of 153 patient records from the 
Cleveland dataset. To improve biological plausibility and reduce over-
fitting, structural constraints were imposed during the learning process. 
An initial whitelist was defined to include all possible directed edges 
between distinct variables, thereby allowing the structure learning 
algorithm to explore the full space of admissible network configura-
tions. Domain knowledge was subsequently incorporated through the 
construction of a blacklist, which excluded edges deemed implausible 
or clinically inconsistent based on established medical reasoning and 
causal considerations.

In particular, edges violating basic temporal or biological con-
straints were prohibited. These included dependencies from outcome 
or symptomatic variables to non-modifiable demographic factors (e.g.,
from HeartDisease or ChestPain to Age or Sex), as well as 
connections between clinically unrelated physiological measurements 
(e.g., FastingBS to ChestPain or Sex).

Such exclusions were defined a priori to prevent spurious associa-
tions and reverse causal relationships, in line with established princi-
ples of causal modelling in epidemiology [18].

These constraints ensured that the resulting Bayesian network re-
mained largely data-driven while being restricted to structures that 
are clinically interpretable and consistent with domain expertise. The 
network structure was learned using the Hill-Climbing (HC) algo-
rithm [19], a score-based search method that iteratively applies local 
modifications to the network topology to maximise a predefined scoring 
function. In this study, the Bayesian Information Criterion (BIC) was 
employed as the optimisation criterion, balancing model fit against 
structural complexity. The resulting network captures conditional de-
pendencies among clinical variables in a manner consistent with both 
the observed data and prior clinical assumptions.

3.5. Parameter estimation inference and classification

Once the network structure was established, Conditional Probabil-
ity Tables (CPTs) were estimated using Bayesian parameter learning 
techniques, following standard formulations for probabilistic graphical 
models [20,21]. These CPTs quantify the likelihood of each node’s 
states given the configuration of its parent nodes and provide the 
foundation for probabilistic reasoning and causal interpretation within 
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Bayesian networks. The resulting model constitutes a complete proba-
bilistic system capable of representing both marginal and conditional 
dependencies among clinical variables.

The trained Bayesian network was subsequently employed for prob-
abilistic inference on the target variable (HeartDisease) given new 
or partial evidence from patient attributes. This inferential capacity 
was leveraged for classification tasks by predicting the most prob-
able disease state for unseen instances, aligning with recent appli-
cations of explainable Bayesian networks in clinical decision-support 
systems [22]. Both internal validation (via cross-validation on the 
Cleveland dataset) and external validation (using the Hungarian and 
Switzerland datasets) were performed to assess predictive accuracy and 
model generalisability.

3.6. Synthetic data overview

To further explore the role of generative modelling in clinical data 
analysis [23,24], synthetic medical records were generated using a 
Bayesian network trained on real patient data. Each synthetic record 
represents a single patient-level, cross-sectional clinical profile, en-
coded in tabular form and described by the same set of 13 clinical vari-
ables and the HeartDisease outcome used in the original datasets. 
This strategy enables the simulation of clinically plausible data distri-
butions while increasing the effective training set size without requiring 
additional real samples.

The Cleveland dataset, comprising 303 patient records, was parti-
tioned into two disjoint subsets with distinct roles in the experimental 
workflow. A first subset of 153 records was used for Bayesian network 
structure learning and model training within the cross-validation proce-
dure. The remaining 150 records were exclusively employed to train a 
separate Bayesian network for synthetic data generation. This design 
ensures a strict separation between real samples used for predictive 
modelling and those used for data generation, thereby preventing 
any potential information leakage and preserving the validity of the 
experimental evaluation.

Synthetic instances were generated via ancestral sampling from the 
Bayesian network trained on the excluded real records, using the same 
structural constraints (whitelist and blacklist) adopted in the primary 
model to preserve interpretability and clinical coherence. As a result, 
the synthetic records mirror the structure and variable composition of 
the original patient data, differing only in their generative origin rather 
than in their semantic content.

Following generation, synthetic samples were evaluated both in-
dependently and in combination with real data for downstream ex-
periments. A performance-based filtering procedure was applied to 
retain only synthetic instances that preserved or improved predictive 
performance when integrated with real samples. Specifically, synthetic 
data were generated as a complete dataset using the Bayesian network 
trained on the held-out subset of Cleveland records reserved for data 
generation. The resulting synthetic dataset was then combined with 
the real training data, and its impact on predictive performance was 
assessed within the cross-validation framework using a validation set 
derived from the training data within the cross-validation framework. 
Predictive performance was measured in terms of F1-score. The syn-
thetic dataset was retained only when its inclusion did not reduce 
or improve the F1-score compared with the baseline model trained 
exclusively on real data. This evaluation procedure was performed 
exclusively within the training process and did not involve the external 
test cohorts (Hungarian or Switzerland), thereby avoiding information 
leakage and reducing the risk of selection bias. The filtered synthetic 
data were subsequently combined with the fixed set of 153 real records 
to form the augmented training configuration, hereafter referred to as 
the Real + Synthetic (filtered) setting.

The following subsections describe the synthetic sampling proce-
dure and the evaluation of synthetic data quality through principal 
component analysis (PCA).
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Fig. 3. Projection of real (blue) and synthetic (red) samples onto the first 
two principal components (PC1 and PC2). Data points are shaped according 
to the true class (circle = positive, cross = negative). The black line represents 
the logistic regression decision boundary. The overlap between positive and 
negative instances reflects both the intrinsic complexity of the data and 
information loss due to dimensionality reduction, rather than misclassification. 
The substantial overlap between real and synthetic samples indicates that the 
generated data follow a similar distribution to the original data.

3.6.1. Synthetic sampling and quality assessment
Synthetic records were generated by sampling from the joint proba-

bility distribution encoded by the Bayesian network fitted on excluded 
real data. This process ensured that the generated instances reflected 
both the marginal and conditional dependencies observed in the orig-
inal dataset. To account for generative variability, multiple synthetic 
datasets were produced and analysed independently across experi-
ments. To qualitatively evaluate the fidelity of the synthetic data, 
Principal Component Analysis (PCA) was conducted on the combined 
set of real and synthetic records (see Fig.  3). The projection onto the 
first two principal components revealed substantial overlap between 
the two groups, indicating alignment in their underlying structure. 
A logistic regression classifier was also fitted in the PCA space to 
approximate the decision boundary, providing additional insight into 
the separability of synthetic and real samples. The overlap between real 
and synthetic samples observed in Fig.  3 indicates that the synthetic 
data follow a similar distribution to the real data, suggesting that 
they can be meaningfully integrated with real samples for predictive 
modelling.
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3.7. Experimental design

To evaluate the impact of synthetic data augmentation, a compre-
hensive experimental pipeline was implemented. The overall proce-
dure, summarised in Algorithm 1, combines internal cross-validation 
and external validation across multiple datasets.

The analysis considers three training configurations: (i) real data 
only (baseline), (ii) synthetic data only, and (iii) a hybrid dataset com-
bining real and synthetic samples. For each configuration, predictive 
performance is assessed using 10-fold cross-validation on internal data 
and subsequently evaluated on two independent external cohorts.

Specifically, a subset of the Cleveland dataset is used for model 
development, and generalisation performance is evaluated on the Hun-
garian and Switzerland datasets. This experimental design enables a 
systematic comparison of robustness and predictive performance under 
different data augmentation strategies.

Algorithm 1 Experimental pipeline for heart disease prediction
Require: Cleveland dataset 𝐶, Hungarian dataset 𝐻 , Switzerland 

dataset 𝑆
Ensure: Performance metrics for internal and external validation
1: Preprocess all datasets by imputing missing values and discretising 
continuous variables 

2: Split 𝐶 into two disjoint subsets: 𝐶𝑡𝑟𝑎𝑖𝑛 with 153 records and 𝐶𝑔𝑒𝑛
with 150 records

3: Learn a Bayesian network structure from 𝐶𝑡𝑟𝑎𝑖𝑛 using clinically 
informed whitelist and blacklist constraints 

4: Fit the Bayesian network parameters on 𝐶𝑡𝑟𝑎𝑖𝑛
5: Learn a separate Bayesian network from 𝐶𝑔𝑒𝑛 for synthetic data 
generation 

6: Generate synthetic dataset 𝐶𝑠𝑦𝑛𝑡ℎ using ancestral sampling
7: Initialize 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙 ← ∅
8: Initialize 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙 ← ∅
9: Initialize 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑒𝑥𝑡𝑒𝑟𝑛𝑎𝑙_𝑠𝑦𝑛𝑡ℎ ← ∅
10: for 𝑖 = 1 : 10 do 
11: 𝑓𝑜𝑙𝑑_𝑡𝑟𝑎𝑖𝑛 ← 𝑡𝑟𝑎𝑖𝑛_𝑐𝑙𝑒𝑣𝑒𝑙𝑎𝑛𝑑 ⧵ 𝑓𝑜𝑙𝑑𝑠[𝑖]
12: 𝑓𝑜𝑙𝑑_𝑡𝑒𝑠𝑡 ← 𝑡𝑟𝑎𝑖𝑛_𝑐𝑙𝑒𝑣𝑒𝑙𝑎𝑛𝑑[𝑓𝑜𝑙𝑑𝑠[𝑖]]
13: Baseline - Internal validation 
14: 𝑟𝑒𝑠_𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙 ← 𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒_𝑚𝑜𝑑𝑒𝑙(𝑏𝑛_𝑚𝑜𝑑𝑒𝑙, 𝑓𝑜𝑙𝑑_𝑡𝑒𝑠𝑡,

‘𝐶𝑙𝑒𝑣𝑒𝑙𝑎𝑛𝑑_𝐹𝑜𝑙𝑑i′)
15: 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑖𝑛𝑡 ← 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑖𝑛𝑡 ∪ 𝑟𝑒𝑠_𝑖𝑛𝑡
16: Synthetic data validation 
17: 𝑟𝑒𝑠ℎ𝑢𝑛𝑔𝑎𝑟𝑦𝑠𝑦𝑛𝑡ℎ ← 𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒_𝑚𝑜𝑑𝑒𝑙(𝑏𝑛_𝑚𝑜𝑑𝑒𝑙, ℎ𝑢𝑛_𝑠𝑦𝑛𝑡ℎ)
18: 𝑟𝑒𝑠𝑠𝑤𝑖𝑡𝑧𝑒𝑟𝑙𝑎𝑛𝑑_𝑠𝑦𝑛𝑡ℎ ← 𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒_𝑚𝑜𝑑𝑒𝑙(𝑏𝑛_𝑚𝑜𝑑𝑒𝑙, 𝑠𝑤𝑖𝑡𝑧_𝑠𝑦𝑛𝑡ℎ, )
19: 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑠𝑦𝑛𝑡ℎ ← 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑒𝑥𝑡_𝑠𝑦𝑛𝑡ℎ ∪

{𝑟𝑒𝑠_ℎ𝑢𝑛𝑔_𝑠𝑦𝑛𝑡ℎ, 𝑟𝑒𝑠_𝑠𝑤𝑖𝑡𝑧_𝑠𝑦𝑛𝑡ℎ}
20: Real and synthetic data validation 
21: 𝑟𝑒𝑠ℎ𝑢𝑛𝑔𝑎𝑟𝑦 ← evaluated_model(𝑏𝑛_𝑚𝑜𝑑𝑒𝑙, ℎ𝑢𝑛𝑔𝑎𝑟𝑦,‘Hungary_Fold𝑖’) 

22: save_pred(𝑏𝑛_𝑚𝑜𝑑𝑒𝑙, ℎ𝑢𝑛𝑔𝑎𝑟𝑦,‘Hungary_Fold𝑖’)
23: 𝑟𝑒𝑠𝑠𝑤𝑖𝑡𝑧𝑒𝑟𝑙𝑎𝑛𝑑 ← evaluated_model(𝑏𝑛_𝑚𝑜𝑑𝑒𝑙, 𝑠𝑤𝑖𝑡𝑧𝑒𝑟𝑙𝑎𝑛𝑑, 

‘‘Switzerland_Fold𝑖’’) 
24: save_pred(𝑏𝑛_𝑚𝑜𝑑𝑒𝑙, 𝑠𝑤𝑖𝑡𝑧𝑒𝑟𝑙𝑎𝑛𝑑, ‘‘Switzerland_Fold𝑖’’)
25: 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑒𝑥𝑡 ← 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑒𝑥𝑡 ∪ {𝑟𝑒𝑠ℎ𝑢𝑛𝑔𝑎𝑟𝑦, 𝑟𝑒𝑠𝑠𝑤𝑖𝑡𝑧𝑒𝑟𝑙𝑎𝑛𝑑}
26: end for
27: return {𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑖𝑛𝑡, 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑒𝑥𝑡, 𝑐𝑣_𝑚𝑒𝑡𝑟𝑖𝑐𝑠_𝑒𝑥𝑡_𝑠𝑦𝑛𝑡ℎ}
28: Compare performance across the three configurations using the 

collected metrics 
29: return  Internal and external validation metrics

3.8. Performance evaluation

To assess the validity of synthetic data generation, a comparative 
analysis was conducted by tracking predictions across models trained 
with and without synthetic augmentation. Each patient-level outcome 
6 
was categorised as improved, worsened, or unchanged depending on 
prediction consistency and correctness relative to the baseline.

Model performance was evaluated using standard classification met-
rics, including accuracy, precision, recall, and F1-score. These metrics 
were computed for each fold and averaged across internal and external 
test sets.

Statistical analyses were performed to compare the performance 
distributions between the baseline and augmented models to ascertain 
the statistical significance of the improvements induced by synthetic 
data.

4. Results and discussion

The following section presents the results in line with the study 
objectives (see Section 3).

Specifically, we report on the impact of synthetic data generation 
on predictive performance (Research Question 1), the influence of 
real data quality on the effectiveness of synthetic augmentation (Re-
search Question 2), and the role of random sampling in shaping model 
outcomes (Research Question 3)

4.1. Predictive performance with synthetic augmentation

The comparative analysis of the three training configurations, real 
data only (baseline), real combined with synthetic, and synthetic only, 
revealed systematic differences in external validation performance. 
Models trained solely on real data established a moderate baseline, 
with mean F1-scores of approximately 0.54 in Hungary and 0.84 in 
Switzerland.

When synthetic data were added to the real dataset, performance 
improved consistently in both cohorts. The mean F1-score increased 
to 0.57 in the Hungary Dataset and 0.88 in the Switzerland Dataset, 
accompanied by gains in accuracy (0.51 → 0.58 in the Hungary Dataset; 
0.73 → 0.78 in the Switzerland Dataset), indicating that synthetic 
augmentation contributed to more robust and generalisable predictions.

In contrast, models trained exclusively on synthetic datasets per-
formed above chance levels but did not achieve the improvements 
observed with the mixed configuration. In the Hungary cohort, the 
mean F1-score decreased to 0.52, while in the Switzarland cohort, 
performance remained comparable to the baseline (F1 → 0.81). These 
findings indicate that synthetic records alone cannot fully replace real 
data, but may preserve useful predictive information.

For completeness, the results of all evaluation metrics, including 
accuracy, precision, recall, and F1-score, are reported in Table  3.

4.2. Impact of real data quality on synthetic data effectiveness

To address RQ2, we investigated how the quality of the real data 
used to generate synthetic samples affects predictive performance. We 
hypothesised that synthetic data derived from well-structured, com-
plete datasets would yield more meaningful improvements than data 
generated from noisier or less consistent sources [25].

Fig.  4 summarises the comparison across the Hungary and Switzer-
land cohorts, using accuracy, precision, and F1-score as evaluation met-
rics. Each plot contrasts three training configurations: models trained 
on real data only (Base), on synthetic data only (Synth only), and on a 
combination of real and filtered synthetic data (Real + Synth filtered).

Across both cohorts, models trained on the combined dataset gen-
erally outperformed those based solely on real data. The improvements 
were particularly marked in accuracy and precision, indicating that 
filtered synthetic augmentation enhances model generalisation and 
reduces false positives [26]. For both cohorts, ANOVA [27] results con-
firmed statistically significant effects (e.g., F(2,27) = 23.06,1 𝜂2 = 0.632 

1 The 𝐹 -statistic is the test statistic used in analysis of variance (ANOVA) 
to assess whether there are statistically significant differences between group 
means.
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Table 3
External validation results (mean values across folds) for the three training configurations on the Hungarian (H) 
and Swiss (S) cohorts.
 Configuration Hungarian (H) Switzerland (S)
 Acc Prec Rec F1 Acc Prec Rec F1  
 Real only 0.506 0.810 0.410 0.540 0.732 0.764 0.930 0.840 
 Real + Synthetic 0.580 0.780 0.450 0.570 0.780 0.820 0.940 0.880 
 Synthetic only 0.560 0.670 0.430 0.520 0.660 0.700 0.930 0.800 
Table 4
External validation metrics for synthetic datasets (DS1–DS5) on the Hungarian (H) and Swiss (S) cohorts, 
compared with the real-only baseline.
 Dataset Hungarian (H) Switzerland (S)
 Acc Prec Rec F1 Acc Prec Rec F1  
 Real only 0.507 0.817 0.408 0.544 0.733 0.764 0.938 0.842 
 DS1 0.557 0.767 0.434 0.555 0.778 0.816 0.939 0.873 
 DS2 0.552 0.781 0.433 0.557 0.786 0.824 0.939 0.878 
 DS3 0.560 0.728 0.434 0.544 0.719 0.749 0.937 0.856 
 DS4 0.571 0.760 0.515 0.545 0.797 0.830 0.946 0.884 
 DS5 0.551 0.775 0.431 0.554 0.789 0.827 0.940 0.880 
for precision in Switzerland; 𝐹 (2, 27) = 41.56, 𝜂2 = 0.75 in Hungary), 
highlighting the robustness of these differences.

When comparing the two external validations, distinct patterns 
emerge. In the Switzerland cohort, which exhibits a lower proportion of 
missing values and more consistent variable availability (see Tables  1
and 2), the inclusion of synthetic data led to consistently high and sta-
tistically significant gains across all three metrics. In contrast, the Hun-
garian cohort, characterised by higher levels of missingness and greater 
data heterogeneity, exhibited weaker or partially non-significant im-
provements, particularly for the F1-score. The observed variability in 
performance across datasets can be attributed to differences in data 
quality and completeness. In particular, the Switzerland dataset, despite 
containing some missing values, exhibits more consistent structure 
and variable availability, allowing the synthetic data to better capture 
meaningful patterns. In contrast, the Hungarian dataset is characterised 
by a higher level of missingness and greater heterogeneity, which may 
limit the ability of the generative model to learn reliable dependen-
cies and reduce the effectiveness of synthetic augmentation. Synthetic 
samples derived from well-curated datasets, such as Switzerland, are 
associated with measurable performance gains, whereas those gener-
ated from noisier datasets offer limited benefit. This highlights the 
crucial role of data quality in determining the success of synthetic data 
approaches in biomedical predictive modelling [28].

4.3. Impact of random subsampling on synthetic data variability

To assess the impact of random subsampling on the variability of 
synthetic data generation (RQ3), we considered random sampling as an 
additional technique. The objective was to assess how the stochasticity 
of the sampling process propagates to the generation of synthetic 
records and, ultimately, affects predictive performance. Specifically, 
five Synthetic Datasets (DS1–DS5) were generated by repeatedly sam-
pling distinct random subsets of 150 instances from the Cleveland 
dataset. Each subset was used to train an independent Bayesian net-
work under identical structural constraints, which was subsequently 
employed to generate 150 synthetic records via ancestral sampling. 

2 Eta squared (𝜂2) is a measure of effect size in ANOVA, representing 
the proportion of total variance in the dependent variable explained by the 
grouping factor.
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Although all synthetic datasets were generated from the same origi-
nal data source and followed the same modelling procedure, differences 
in the sampled real subsets introduce variability in the learned network 
parameters and, consequently, in the resulting synthetic data distri-
butions. Each synthetic dataset was therefore evaluated independently 
through external validation on the Hungarian and Switzerland cohorts, 
allowing the assessment of performance variability induced solely by 
random subsampling.

To assess how the quality of the real data directly affects the quality 
of the synthetic data generated from it, we considered random sampling 
as an additional technique. The objective was to assess how the stochas-
ticity of the sampling process propagates to the generation of synthetic 
records and, ultimately, affects predictive performance. Specifically, to 
assess the effect of real data variability on the quality of synthetic 
data and their subsequent predictive performance, we generated five 
synthetic datasets, each trained on a randomly sampled subset of 150 
instances from the Cleveland dataset. Each subset was used to train a 
distinct Bayesian network, which was then employed to generate 150 
synthetic records. The synthetic data were evaluated through 10-fold 
cross-validation, using the external validation.

The results indicate that randomisation introduces a non-negligible 
source of variability. In several runs, the synthetic datasets maintained 
well-defined class boundaries, resulting in predictive performance com-
parable to that of models trained on real data. In other cases, however, 
random sampling produced noisier synthetic distributions, resulting in 
higher misclassification rates and decreased predictive accuracy. These 
findings indicate that random subsampling constitutes a non-negligible 
source of variability in synthetic data generation and downstream 
predictive performance (see Table  4). The PCA projections provide a 
qualitative illustration of the variability induced by random subsam-
pling. As shown in Fig.  5, some synthetic datasets were generated from 
specific real-data subsamples (e.g., DS3) that exhibit weaker class sepa-
ration and increased overlap in the projected space. In these instances, 
the absence of distinct decision boundaries directly corresponded to 
increased prediction inaccuracy and reduced predictive performance.

Conversely, when the sampling process yielded more representative 
subsets of the real data, the resulting synthetic distributions demon-
strated clearer class separation and decision boundaries that more 
closely resembled those of the original dataset. As shown in Fig.  6, 
this structured distribution facilitated more stable model training and 
supported improved generalisation. Further evidence of the predic-
tive contribution of synthetic records is illustrated in Fig.  7, where 
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Fig. 4. Impact of real data quality on the effectiveness of synthetic data augmentation. Boxplots show model performance across three training configurations 
(Base: real only; Synth only; Real + Synth (filtered)) for the Hungary (left column) and Switzerland (right column) cohorts. Panels (a) and (d) report accuracy, 
(b) and (e) F1-score, and (c) and (f) precision. Each boxplot summarises performance across cross-validation folds. The Real + Synth (filtered) configuration 
generally shows higher median performance, with more consistent gains observed for the Switzerland cohort. Statistical significance was assessed using one-way 
ANOVA with Bonferroni-adjusted post hoc comparisons (*p* < 0.05, **p** < 0.01, ***p* < 0.001).
individual instances are categorised based on their effect on model 
performance. Notably, only a subset of synthetic samples positively 
influenced the predictions, underscoring the importance of data quality 
and structure.

5. Conclusions

The findings of this study demonstrate that synthetic data generated 
through Bayesian networks can enhance predictive modelling for heart 
disease when appropriately integrated with real clinical records. The 
inclusion of synthetic samples improved model accuracy and precision 
across the experimental configurations, with particularly consistent 
gains observed for the Switzerland cohort, where data completeness 
and structure supported more reliable augmentation. These results sug-
gest that generative Bayesian modelling can effectively help mitigate 
8 
data scarcity while maintaining interpretability and clinical plausi-
bility,although its effectiveness depends on the characteristics of the 
underlying data.

Building on these results, the study provided a rigorous evaluation 
of how the quality of real data determines the effectiveness of synthetic 
augmentation. By combining probabilistic graphical modelling with 
clinically informed structural constraints, we developed a transparent 
and reproducible framework for generating, validating, and assessing 
synthetic data externally. The comparative analysis across the Cleve-
land, Hungary, and Switzerland datasets revealed that performance 
improvements are strongly influenced by modulated by the integrity 
and coherence of the underlying data, reinforcing that the reliability of 
generative models ultimately depends on the quality of their training 
sources.
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Fig. 5.  PCA projection of a synthetic dataset (DS3) generated from a poorly representative real data subset. Data points are projected onto the first two 
principal components (PC1 and PC2). Symbols denote the true class (circle = negative, cross = positive). Colours indicate the effect of each instance on predictive 
performance relative to the real-only baseline (green = improves, red = worsens, grey = incorrect unchanged, black = correct unchanged). The black line represents 
the logistic regression decision boundary fitted in the PCA space.
Fig. 6.  PCA projection of synthetic dataset DS4 generated from a representative subset. Data points are projected onto the first two principal components (PC1 
and PC2). Symbols denote the true class (circle = negative, cross = positive). Colours indicate the effect of each instance on predictive performance relative to the 
real-only baseline (green = improves, red = worsens, grey = incorrect unchanged, black = correct unchanged). The black line represents the logistic regression 

decision boundary fitted in the PCA space.
Importantly, the effectiveness of the proposed framework is not 
fixed, but depends on several methodological design choices. In partic-
ular, model performance may vary according to the size and represen-
tativeness of the real subset used for generative training, the structural 
constraints imposed during network learning (whitelist and blacklist 
specification), the number of synthetic samples generated, and the 
filtering criteria applied before data augmentation. The variability ob-
served under random subsampling further demonstrates that different 
real-data partitions can lead to different learned parameters and, conse-
quently, to synthetic datasets with distinct distributional properties and 
predictive impact. These findings indicate that synthetic augmentation 
should be regarded as a controlled modelling strategy whose benefits 
depend on careful calibration of its generative components.
9 
A limitation of this work concerns the relatively small sample size of 
the UCI Heart Disease datasets, which contain between 100 and 300 pa-
tient records. Such limited cohorts inevitably restrict statistical power 
and generalisability. Future research should systematically investigate 
the framework’s sensitivity to key generative parameters and structural 
assumptions, and evaluate its robustness on larger, more heterogeneous 
clinical datasets. In doing so, Bayesian network–based synthetic data 
generation could become a reliable and transparent tool to mitigate 
data scarcity in clinical research and to support trustworthy artificial 
intelligence in healthcare.
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Fig. 7.  PCA projection illustrating the effect of individual synthetic instances on model predictions. Triangles represent synthetic samples and circles represent 
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