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Abstract

The growing demand for data-driven solutions in healthcare is often hindered by limited
access to high-quality datasets due to privacy concerns, data imbalance, and regulatory
constraints. Synthetic data generation has emerged as a promising strategy to address these
challenges by creating artificial yet statistically valid datasets that preserve the underlying
patterns of real data without compromising patient confidentiality. This study explores
methodologies for generating synthetic data tailored to binary and multi-class classification
problems within the health domain. We employ advanced techniques such as probabilistic
modelling, generative adversarial networks, and data augmentation strategies to replicate
realistic feature distributions and class relationships. A comprehensive evaluation is con-
ducted using benchmark healthcare datasets, measuring fidelity, diversity, and utility of the
synthetic data in downstream predictive modelling tasks. The original dataset consisted of
2125 imbalanced cases, both in the binary and multi-class classification scenarios. Experi-
mental results demonstrate that models trained on synthetic datasets achieve performance
levels comparable to those trained on real data, particularly in scenarios with severe class
imbalance. The findings underscore the potential of synthetic data as a privacy-preserving
enabler for robust machine learning applications in healthcare, facilitating innovation while
adhering to strict data protection regulations.

Keywords: synthetic data; binary; multi-class; classification; health; data balancing

1. Introduction
The use of Machine Learning (ML) in healthcare is increasingly dependent on the

availability of high-quality data. However, access to sufficiently large and representative
datasets remains a persistent challenge due to privacy constraints, ethical considerations,
and the high cost of medical data collection. Moreover, healthcare data often suffers from
class imbalance, where rare but clinically critical outcomes are underrepresented, making it
difficult for ML models to learn robust and generalizable decision rules. These challenges
highlight the need for alternative approaches that enable the development of reliable
predictive models while preserving patient confidentiality and ensuring statistical validity.

Synthetic data generation has emerged as a powerful solution to these limitations.
By creating artificial data that replicates the statistical properties of real-world datasets,
synthetic data offers a way to overcome scarcity, mitigate class imbalance, and reduce
the risk of overfitting. In contrast to simple data augmentation, synthetic data generation
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maintains both the marginal distributions of variables and the complex interdependencies
between them, which are crucial for healthcare applications. Preserving these relationships
ensures that ML models can capture meaningful patterns without compromising the
integrity of predictions. Recent advances in generative modelling, including probabilistic
frameworks, Bayesian networks, and neural-based approaches, have further strengthened
the ability to produce synthetic data that is both realistic and diverse [1,2].

In the specific context of patient triage, these challenges are particularly pronounced.
Triage datasets are often small, as they rely on structured questionnaires or medical assess-
ments collected under resource-constrained conditions. For this study, the initial dataset
comprised 2125 responses from a triage questionnaire aimed at assessing patient care prior-
ity. While valuable, this dataset was insufficient to train models capable of generalization
to diverse real-world scenarios. To address this, we employed synthetic data generation as
a central step in our methodology, ensuring the expansion of the dataset while maintaining
its statistical integrity.

The proposed approach is guided by three key objectives. First, preservation of com-
plex relationships between variables such as age, marital status, education level, perceived
health, and beliefs about triage criteria, as these interdependencies critically affect predic-
tive accuracy. Second, mitigation of overfitting, by expanding the dataset and providing
greater variability in training samples, thereby enhancing generalization capacity. Third,
support for model robustness, enabling ML models to handle diverse patient profiles
and improve decision reliability in clinical practice. Together, these objectives ensure that
the synthetic dataset not only mimics real-world variability but also serves as a reliable
foundation for predictive modelling in sensitive healthcare applications.

To achieve these goals, we implemented the Synthetic Data Vault (SDV) framework,
which combines advanced probabilistic modelling and ML to generate synthetic data that
faithfully reflects the statistical structure of the original dataset [3–5]. The SDV approach
was selected for its ability to automatically detect variable types, capture complex corre-
lations, and scale efficiently to large volumes of synthetic data. By leveraging Gaussian
Copula models within SDV, we ensured that the generated data preserved both distribu-
tions and dependencies, enabling the training of robust models for binary and multi-class
triage classification.

Finally, to address the problem of class imbalance, we explicitly integrated data
balancing into the generation process. Two classification schemes were considered: a
binary model distinguishing between low- and high-priority patients, and a multi-class
model offering finer stratification across four priority levels. In both cases, synthetic
data was generated to balance class distributions, reducing bias and enhancing predictive
performance. The statistical similarity between real and synthetic data was evaluated using
a comprehensive set of descriptive measures (e.g., mean, standard deviation, skewness,
kurtosis), complemented by visual inspection of distributions. Iterative refinement ensured
that the synthetic dataset aligned closely with the original data, thereby providing a
statistically consistent yet diversified foundation for predictive modelling.

This work proposes and evaluates a synthetic data generation methodology tailored
to healthcare triage applications. By combining SDV-based generative models with explicit
class balancing, we demonstrate how synthetic data can enhance the development of robust
ML models in both binary and multi-class classification tasks. The contributions of this
study are threefold: (i ) systematic methodology for generating and validating synthetic
healthcare data that preserves statistical properties and inter-variable relationships; (ii) the
application of SDV and Gaussian Copula modelling to expand small triage datasets while
addressing class imbalance; and (iii ) a demonstration of the effectiveness of synthetic data
in supporting reliable ML-based decision making for patient prioritization.
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2. Related Work
In healthcare, datasets are often imbalanced and eliciting societal data concerning

their support for the criteria that should guide patient prioritization are often imbalanced
and biassed. Therefore, the synthetic data generation offers a promising alternative: it
preserves the statistical patterns of real data without exposing individual records [6]. In this
context, synthetic datasets accurately mimic joint distributions and structural dependencies,
enabling simulation, behavioural modelling and algorithm development when real samples
are scarce or legally restricted [7,8]. Synthetic data are used to address (i) data scarcity; and
(ii) privacy and regulation.

Modern ML and deep learning algorithms require large amounts of data to achieve
robust performance. In medicine, rarity of certain conditions and logistical or ethical
hurdles in data collection limit sample size. Synthetic generation enlarges training corpora
while retaining key statistical properties, boosting predictive accuracy even in small-sample
scenarios [8]. In turn, health data are highly sensitive and regulated [9]. Even with
anonymisation, re-identification risks remain. High fidelity synthetic data, decoupled from
real patients, facilitate research and innovation within ethical and legal boundaries [6,8].

Access to high quality and diverse healthcare data is often limited due to privacy
concerns, regulatory constraints, and the rarity of certain clinical scenarios. To address these
challenges, synthetic data generation has emerged as a valuable technique for augmenting
datasets, enabling model training, testing, and validation without compromising patient
confidentiality. Early work relied on classical statistical techniques; recent years have seen
a shift toward ML based generative models capable of learning complex variable depen-
dencies and producing novel combinations (“sampled zeros”) [6,7,10]. These techniques
aim to produce realistic and representative data that preserve the statistical properties of
the original dataset, thereby supporting robust and generalizable ML models for patient
prioritization and other healthcare tasks.

Bayesian-Network (BN) encode conditional relationships through directed acyclic
graphs. Sampling from the learned joint distribution allows the generation of synthetic
records. Despite their interpretability, they become computationally infeasible as dimen-
sionality increases, and they struggle to model non-linear dependencies, compromising
both data quality and privacy [10,11]. Limitations include (i) exponential growth in learning
complexity with the number of variables [3]; (ii) poor representation of highly non-linear
relationships [11]; and (iii) tendency to memorize real data, putting privacy at risk [11].

Neural Generative Models such as Variational Autoencoders (VAE) and Generative
Adversarial Networks (GAN) have gained prominence. VAE map data to a latent space
through variational inference, being effective with continuous variables, including longitu-
dinal and eye-tracking datasets [6,7]. However, they struggle with categorical attributes
and require significant computational resources for large datasets [4,11]. GAN, on the other
hand, combine a generator and a discriminator in an adversarial training dynamic. For
tabular data, variants such as Conditional Tabular Generative Adversarial (CTGAN) apply
conditional techniques to handle categorical variables and class imbalances, improving
synthetic fidelity and predictive performance when combined with real data [4,8].

Despite their potential, neural models face significant challenges in sensitive domains
such as healthcare. They often operate as black-boxes, making it difficult to trace and
justify the generation process, which harms transparency and regulatory compliance [11].
Additionally, problems such as “mode collapse” where the generator produces low diversity
data can result in synthetic datasets that omit rare but clinically significant patterns [11].
These models impose a considerable computational burden, require careful hyperparameter
tuning, and are sensitive to training conditions, leading to long training times and increased
risk of runtime errors when working with large datasets [3,4,11].
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Synthia is an open source multidimensional synthetic data generator implemented
in Python with version 3.13 [12]. It uses copula-based models, which allow the statistical
properties of the observed data to be captured in terms of both individual behaviour and
interdependencies between variables [12]. Synthia is further supported by Functional
Principal Component Analysis (FPCA), an extension of principal component analysis
where the data consist of functions rather than vectors [12]. Synthia is a powerful tool
for generating multidimensional synthetic data while preserving complex relationships.
However, its applicability is limited to offline processing and it may have shortcomings in
accurately replicating variable types and distribution functions from the original data [13].

SDV emerges as a robust and modular solution based on copula theory, specifically
designed for tabular data. Gaussian Copula is a function that couples multivariate distribu-
tion functions to their univariate margins by describing the dependency structure through
a multivariate normal distribution applied to transformed uniform variables [10,14]. Uni-
variate modelling is performed using Gaussian Mixture Models (GMM), which represent
a probabilistic model composed of multiple Gaussian components, that links univariate
marginals through a multivariate normal distribution after transforming the data using
Empirical Cumulative Distribution Functions (ECDF) [10,14]. Sklar’s Theorem ensures
that any multivariate distribution can be decomposed into its marginal distributions and a
copula, enabling the reuse of marginals across domains [6,14].

SDV framework offers several advantages that make it particularly suitable for gen-
erating healthcare data. First, it demonstrates high statistical fidelity and clinical realism
by preserving the structural and statistical properties of the original dataset, including
relationships between tables and columns [3,4]. Additionally, SDV ensures the preservation
of variability and the inclusion of rare cases and also eliminates the need to choose a specific
copula family, providing flexibility to capture complex dependencies [15].

Given the limitations pointed out in traditional synthetic data generation methods, the
SDV emerges as a robust and highly adaptable solution. From a privacy perspective, SDV
offers enhanced protection since its probabilistic approach prevents memorization of real
data points, promoting an implicit form of differential privacy [4,10]. Furthermore, SDV is
recognized for its computational efficiency and scalability, processing large datasets with
reduced runtime and greater stability compared to models like GAN and VAE [3,4]. Lastly,
among the models included in the SDV library, CopulaGAN and GaussianCopulaSyn-
thesizer are particularly noteworthy for their capacity to model complex dependencies
in tabular data. CopulaGAN combines the adversarial training dynamics of GANs with
copula-based statistical modelling [5,10,15]. Copulas are multivariate functions that allow
for the separation of marginal distributions from the dependency structure, enabling the
model to better capture non-linear relationships between variables, an essential feature
when working with heterogeneous healthcare data [16]. On the other hand, the Gaussian-
CopulaSynthesizer simplifies this approach by assuming a Gaussian copula structure. It
transforms variables into a standard normal space using probability integral transforms
and models their joint distribution using a multivariate Gaussian copula. This model has
demonstrated high effectiveness in reproducing realistic synthetic datasets while maintain-
ing the integrity of variable correlations and supporting both continuous and categorical
data [3,5,15].

Although GAN, VAE, Synthia, and BN have merits in specific domains, SDV repre-
sents a more robust, explainable, and efficient alternative for synthetic data generation in
sensitive contexts such as healthcare [6]. Within the SDV framework, the GaussianCop-
ulaSynthesizer was selected over CopulaGAN due to its stronger statistical grounding,
greater transparency, and lower computational complexity [5]. While CopulaGAN lever-
ages adversarial training to capture complex non-linear dependencies, it also introduces
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challenges such as increased training instability and reduced interpretability. In contrast,
the Gaussian Copula Synthesizer, by assuming a Gaussian copula structure, provides a
simpler yet effective model that preserves variable correlations and supports mixed data
types with high fidelity [3–5]. This balance of rigour, explainability, and scalability makes
SDV and specifically the Gaussian Copula Synthesizer the ideal choice for this disserta-
tion, enabling the generation of realistic, privacy-preserving synthetic data suitable for
healthcare predictive modelling [3–5].

3. Proposed Method
Synthetic data generation involves creating synthetic data that replicates the statis-

tical characteristics of the real dataset, addressing issues such as class imbalance or data
scarcity [1,2].

The objective of synthetic data generation is to expand the dataset in a controlled and
representative manner, ensuring that the models trained on it can generalize effectively
to real world scenarios. This process is particularly valuable in cases where obtaining
additional real data is costly, time consuming, or impractical [17,18]. By generating high
quality synthetic data, we can not only improve the performance and stability of ML
models, providing a richer and more balanced foundation for predictive modelling and
decision making but also mitigate potential biases and enhance the reliability of subsequent
analyses [2]. To ensure the model can learn not only from the distribution of the data but
also from the intricate interactions between different factors, it is essential to maintain the
correlations between these variables in the generated synthetic data [19]. Data analysis
in health presents unique challenges, particularly when the size of available datasets is
limited. In this work, we began with an initial dataset of 2125 responses to a structured
questionnaire designed to determine the priority of patient care in medical triage contexts.
However, to ensure the development of robust predictive models and reduce the risk
of overfitting, it was necessary to expand this dataset through synthetic instances. This
process enables better generalization and greater reliability in the predictions made by ML
models. Several key factors justify the generation of synthetic data:

• Preservation of Complex Relationships. The variables in the dataset, e.g., age, marital
status, educational level, perceived health, and beliefs about triage criteria, display crit-
ical interrelationships. An effective predictive model must capture these relationships
to make accurate and reliable predictions about patient care priority. Synthetic data
generation ensures that these statistical dependencies are preserved and adequately
represented in the expanded dataset [1].

• Mitigation of Overfitting. Models trained on small datasets often display overfit-
ted patterns, compromising their ability to generalize to new cases. Expanding the
dataset introduces greater diversity, promoting statistical robustness and reducing the
probability of overfitting [1,2].

• Support for Model Robustness. A larger synthetic dataset allows models to handle
greater variability in response patterns, enabling better adaptation to real-world
scenarios. This is particularly important in a context where critical decisions, such as
the order of patient care in medical triage, directly depend on the reliable predictive
capacity of the models [1,18].

These three characteristics preserving relationships, mitigating overfitting, and enhanc-
ing robustness were fundamental considerations in both the design of the synthetic data
and the selection of data generation methods. By ensuring that the synthetic data accurately
represents real world variability while maintaining statistical consistency, we improved
the overall effectiveness and reliability of the machine learning models used for patient
triage [1,17,19]. The number of synthetic samples (100,000) was chosen after empirical test-
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ing with multiple generation sizes (10,000, 50,000, and 100,000). Statistical indicators such
as mean, variance, and pairwise correlations stabilized at this level, confirming that further
increases would not meaningfully enhance data fidelity. The chosen size thus ensures both
statistical representativeness and computational efficiency for subsequent analyses.

To provide a clear overview of the methodological workflow, Figure 1 illustrates the
main stages of the proposed synthetic data generation process. The pipeline begins with
data preprocessing and feature encoding, followed by a data balancing stage to address
class imbalance in both binary and multi-class triage cases. The balanced dataset is then
used to train the Gaussian Copula Synthesizer within the SDV framework, which mod-
els the joint probability distributions and dependencies among variables. Once trained,
the model generates synthetic records that preserve the statistical characteristics of the
original dataset. Finally, the generated data are evaluated using descriptive and distribu-
tional metrics to ensure fidelity and representativeness before being applied to healthcare
prioritization scenarios.

Figure 1. Proposed method.

3.1. SDV

For synthetic data generation, we explored (i) Neural Generative Models; (ii) Synthia;
(iii) SDV; (iv) BN. Each method was evaluated based on its ability to preserve the statistical
properties of the original dataset, handle mixed data types, and generate high quality syn-
thetic data suitable for ML models [6]. The ability to accurately replicate the relationships
between the variables, was a key factor in selecting the synthetic data generation method
for this project. SDV was ultimately selected due to its superior ability to capture and
preserve complex statistical relationships and dependencies between variables [3,4]. Using
advanced probabilistic modelling and ML techniques, SDV generates synthetic data that
closely mirrors the original dataset’s properties [3–5].

The proposed data generation approach offers several advantages crucial for health-
care triage modelling. It automatically detects variable types, whether categorical, contin-
uous, or mixed and learns the relationships between them without manual intervention.
This enables the preservation of intricate dependencies, such as correlations between vari-
ables [5]. Additionally, the method efficiently scales to generate large volumes of synthetic
data while maintaining statistical diversity, ensuring representativeness across patient
profiles [1]. Its ability to handle the high dimensionality and complexity of real world
healthcare datasets makes it particularly suitable as a reliable foundation for training
machine learning models in prioritization contexts [1,2].

By leveraging SDV, ensures that the synthetic data remains statistically representative
of the original dataset while providing a scalable and adaptable solution for data augmenta-
tion in ML applications [1,2]. The following steps outline the process to generate synthetic
data using the SDV framework:

1. Reading and Preprocessing the Data: The real data was initially read from a Comma-
separated values (CSV) file, ensuring that all necessary preprocessing steps were applied
(e.g., handling missing values, encoding categorical variables where applicable).
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2. Metadata Creation: The single table meta data object from the SDV framework was
employed to automatically detect the data types and relationships between columns.
This was essential to preserve the original characteristics of the data during the
synthesis process.

3. Training the Synthesizer: Gaussian Copula model was chosen due to its robustness in
modelling complex dependencies between variables [15]. This model was trained on
the real dataset to learn the distributions and relationships between the features [2].

4. Generating Synthetic Data: Using the trained Gaussian Copula model, synthetic data
were generated. This ensured that the synthetic dataset closely mirrored the statistical
properties of the real data, while maintaining the underlying relationships [3,5].

5. Exporting the Synthetic Data: The generated synthetic data was then saved in a CSV
file for further analysis, enabling comparisons with the real data to assess the accuracy
of the replication process.

3.2. Data Balancing

In ML, data balancing plays a crucial role in ensuring that models can generalize
effectively across all classes in a dataset [20]. Class imbalance, where one class signifi-
cantly outweighs the others in representation, is a common issue, particularly in healthcare
datasets where specific outcomes may be rare [21,22]. Imbalanced datasets can lead to
models that are biassed toward the majority classes, resulting in poor performance when
predicting minority class instances, a critical limitation when dealing with sensitive deci-
sions, such as patient triage prioritization [18,20].

To address this issue, the data generation process explicitly considered class balancing.
While real world data often reflects natural imbalances, incorporating balance into the
synthetic data generation process was vital for creating a robust training set. This ensured
the ML models developed could make accurate predictions for both classes, avoiding bias
toward the majority class and enabling better generalization [18,20,23].

This work was developed based on two complementary classification approaches: a
binary model, which distinguishes between low priority (class 0) and high priority cases
(class 1), and a multi-class model, which provides a more granular stratification across
four levels: Not Prioritary (class 0), Low Priority (class 1), Priority (class 2), and High
Priority (class 3). These dual perspectives enable both coarse and fine grained prioritization,
depending on clinical context and resource availability.

The proposed methodology for balancing the dataset included two key steps:

• Real Data was divided into subsets based on the decision variables. In the binary
approach, the aggregated decision variable was used to define two distinct classes.
Cases with a score below 3.00 were labelled low priority, while those with a score
equal to or greater than 3.00 were considered high priority. This threshold of 3.00
was selected because it represents the midpoint of the decision scale, ensuring a clear
separation between cases where the level of urgency is low and those that already
demand closer attention. By doing so, the binary categorization avoids ambiguity
in borderline cases and maximizes the contrast between the two groups. In contrast,
the multi-class approach provided a more nuanced stratification by establishing four
levels of priority. Specifically, cases with a decision score less than or equal to 1.49 were
classified as not a priority; scores between 1.50 and 3.49 were labelled as low priority;
scores between 3.50 and 4.49 were considered priority cases; and finally, scores equal
to or greater than 4.50 were categorized as high priority. This classification schema
enabled a more refined understanding of patient prioritization, supporting both coarse
grained and fine grained decision modelling.
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• Balanced Synthetic Data was performed to address the imbalance problem. In this
context, we generate: (i) 52,525 synthetic instances were generated for class 0; and (ii)
50,000 synthetic instances were generated for class 1. After combining the real and
synthetic data, both classes were balanced with 52,800 instances per class. In the case
of multi-class, 24,964 synthetic data were generated for class 0, 24,253 data for class
1, 23,071 synthetic data for class 2 and 24,637 for class 3. In total there are 100,000
cases of which 96,925 are synthetic data. class 0 included 36 instances (scores less than
or equal to 1.49 ), class 1 had 747 instances (scores ranging from 1.5 to 3.49), class 2
accounted for 1929 instances (scores ranging from 3.5 to 4.49), and class 3 comprised
363 instances (scores greater than or equal to 4.5). This process ensures that the final
dataset was not only representative of the real world distributions but also provided
equal representation for both classes, allowing the models to learn patterns effectively
minority and majority outcomes.

Comparing the statistical distributions of real and synthetic data ensures that the
synthetic data captures the patterns, variability, and relationships inherent in the original
dataset [24].

To evaluate the similarity between real and synthetic datasets, a comprehensive set
of descriptive statistical metrics was computed. These included mean, median, standard
deviation, quartiles, kurtosis, and skewness [25]. Together, these measures allow to assess
the central tendency, dispersion, distribution symmetry, and the presence of outliers,
ensuring that the synthetic data faithfully reflects the statistical properties of the original
dataset. The evaluation of these metrics is not only a validation step but also an integral
part of the synthetic data generation process. In this study, the distributions of real and
synthetic data were directly compared to ensure that the generated samples faithfully
reproduced the statistical characteristics of the original dataset and did not introduce biases
or unrealistic patterns..

These metrics were applied to compare the distributions of real and synthetic data at
various stages of the generation process:

1. Initial Validation: The synthetic dataset was first evaluated using these statistical
metrics to identify major deviations from real data. Any substantial differences in
mean, standard deviation, or skewness signalled a need for parameter adjustments in
the data generation model.

2. Iterative Refinement: Based on the initial findings, parameters of the SDV framework
were fine tuned, ensuring that synthetic data maintained realistic variability and
statistical consistency [16,24]. Multiple iterations of data generation and validation
were conducted to minimize discrepancies.

3. Final Quality Check: Once the synthetic data closely aligned with the real dataset
across all metrics, it was subjected to final validation by visualizing distributions (e.g.,
histograms, box plots) to confirm statistical similarity.

As part of the validation process, the methodology includes identifying any significant
discrepancies between the distributions of real and synthetic data. When such differences
are detected, the synthetic data generation process is fine tuned to better align with the
statistical properties of the original dataset [24,26]. This iterative refinement ensures that
ML models trained on synthetic data not only achieve high performance but also generalize
effectively to real world scenarios [16,24,26].

4. Experiments and Results
To support the development of robust and generalizable ML models, synthetic data

was generated to expand the training dataset, mitigate overfitting, and address the imbal-
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ance across classes. Several generation strategies were explored, each aiming to refine the
synthetic dataset in a way that preserved the statistical properties of the original data while
improving class balance.

Fidelity metrics, including mean, standard deviation, skewness, and kurtosis, were
computed separately for each variable in both the real and synthetic datasets. The absolute
differences between corresponding metrics were then averaged across all variables to obtain
a global fidelity score. This method allows for a fine-grained evaluation of the statistical
similarity between real and synthetic data distributions.

4.1. Dataset

The dataset employed in this study comprises 2125 records that include both demo-
graphic information (age, gender, marital status, educational level, and employment status)
and 20 healthcare decision-related variables (DEC1–DEC20). While the demographic vari-
ables provide contextual background concerning each respondent, the decision variables
correspond to triage decision criteria typically used in healthcare environments to assess
patient priority, urgency, and treatment allocation. Each decision captures how participants
evaluate case severity based on predefined ethical and situational dimensions. Thus, the
dataset does not contain direct clinical indicators such as diagnoses or laboratory data
but rather focuses on healthcare triage decision making behaviour, which is a critical
component of health system management and patient prioritization. This design ensures
ethical compliance by avoiding sensitive personal data while maintaining strong healthcare
relevance through the modelling of real decision processes.

The study relies on a purpose built dataset that captures a wide range of factors
relevant to human decision making, personal attributes and moral values forming the
empirical basis for our intelligent triage models. Data were obtained through an online
survey completed by Portuguese participants. The questionnaire was administered be-
tween January 2020 and December 2023. Recruitment sought maximum heterogeneity:
roughly 40 % were university students from multiple disciplines, while the remainder were
adults reached via assorted public space approaches. Respondents averaged 24 years of
age, the sample was 58 % female. The dataset encompasses data from 20 hypothetical
rationing decision questions, each contrasting two individuals (Patient A vs. Patient B)
who differ in personal or clinical characteristics. Participants, acting as decision makers,
expressed their preference on a five point semantic differential scale: 1—definitely prioritize
Patient A, 2—some priority to patient A, 3—no preference; 4—some preference for patient
B, 5—definitely prioritize Patient B.

4.1.1. Questionnaire

The questionnaire design was based on previous work on healthcare rationing pref-
erences and ethical decision making criteria, which employed 23 hypothetical scenar-
ios [9,27,28]. In contrast, the present study streamlined the approach by using 20 carefully
selected scenarios, each corresponding directly to one feature used in the model. Further-
more, while previous studies focused primarily on healthcare professionals as respondents,
this work deliberately targeted lay citizens, aiming to capture public perspectives on
medical prioritization.

Following Pinho & Araújo (2022), the six overarching rationing principles were disag-
gregated into nine specific criteria [9]:

• (i–ii) Clinical need: this criterion refers to the medical urgency of the patient, assessed
through two components: Pain intensity represents the current physical suffering of
the patient and signals a direct need for immediate intervention. Immediate risk of
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death known as the Rule of Rescue, this sub-criterion prioritizes patients whose lives
are in imminent risk of death.

• (iii–iv) Health maximization: this criterion seeks to maximize the health benefits
resulting from treatment. It includes: Life expectancy gain measures the additional
years of life that treatment is expected to provide. Quality of life improvement assesses
how much the treatment can enhance the patient’s daily well-being and functioning.

• (v) Social need: captured through Parenthood, this criterion considers that individuals
with dependents (e.g., young children) may carry greater social responsibilities, which
could justify prioritization.

• (vi) Age: this criterion evaluates the patient’s age, often grounded in principles such
as prioritarianism (giving preference to those who have lived fewer years) or the
assumption of greater potential benefit in younger patients.

• (vii) Instrumental Value: refers to the essential or beneficial societal role of the patient
(e.g., healthcare worker, firefighter). Prioritizing their recovery may result in broader
social benefit.

• (viii) Negative Merit (risk taking lifestyle): considers whether the patient’s condition
resulted from voluntary risky behaviours (e.g., excessive alcohol, smoking, drug use).
This criterion raises ethical debates around personal responsibility.

• (ix) Fair chance: operationalized through waiting time, it embodies the idea that
everyone deserves a fair opportunity to receive treatment, regardless of clinical or
social characteristics.

Table 1 lists the twenty decisions and maps to the corresponding criterion. In the
raw file, each scenario response is stored in variables DEC1, DEC2, DEC3, DEC4, DEC5,
DEC6, DEC7, DEC8, DEC9, DEC10, DEC11, DEC12, DEC13, DEC14, DEC15, DEC16,
DEC17, DEC18, DEC19, DEC20, facilitating analysis of decision patterns (e.g., intuitive vs.
deliberative choices). Additional columns record composite value orientations, conformity,
benevolence, hedonism, openness to change, self-enhancement, supporting cluster analysis
of participant profiles and group trends.

Table 1. Hypothetical Scenarios and Corresponding Rationing Criteria.

Decision Patient A Patient B Criterion

1 Has a moderately painful
disease Has a very painful disease Clinical need: Pain

2 Has been waiting 1 month Has been waiting 6 months Fair chance: Waiting
time

3 Single, no dependants Parent of three minors Social need:
Parenthood

4 Alcoholic with severe liver
disease

Severe liver disease, never
drank Merit: Negative

5 Average citizen Front-line physician Instrumental value

6 20 % chance to live >
5 years

40 % chance to live >
5 years Life expectancy

7 80 years old 40 years old Age

8 Slight QoL improvement
with treatment

Substantial QoL
improvement Quality of life

9 Joined queue today Waiting 1 month Fair chance
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Table 1. Cont.

Decision Patient A Patient B Criterion

10 Painful disease Very painful disease Clinical need: Pain

11 20 % chance to live >
5 years

80 % chance to live >
5 years Life expectancy

12 Will die within 3 days w/o
treatment

Will die immediately w/o
treatment

Clinical need: Rule of
Rescue

13 80 years old 20 years old Age

14 Will die within 1 month
w/o treatment

Will die within 1 week w/o
treatment

Clinical need: Rule of
Rescue

15 Slight QoL gain
(poor→ fair)

Large QoL gain
(poor→ very good) Quality of life

16 HIV from unsafe sex HIV from hospital
transfusion Negative Merit

17 25 years old 10 years old Age

18 Average citizen Scientist who discovered
cures Instrumental value

19 10 years old Newborn Age

20 Married, no children Married, three school-age
children Social need

4.1.2. Descriptive Statistics

The structure of the dataset allows for a detailed examination of individual behaviours
and value based preferences, supporting the identification of key patterns that shape triage
decisions. By analyzing this wide range of variables, it becomes possible to gain deeper
insight into how personal traits and ethical considerations influence decision making in
healthcare scenarios.

Table 2 presents the descriptive statistics of the original dataset comprising 2125 triage-
decision cases. The demographic variables indicate a heterogeneous participant profile: the
mean age is 36.4 years (SD = 17.7), with a wide range (20–74 years), suggesting representa-
tion from both younger and older adults. The gender distribution (M = 0.63) shows a slight
predominance of male participants, while marital status (mean = 1.73) and employment
status (mean = 2.27) reveal moderate variability across social categories. The education level
(mean = 4.77) indicates that most respondents have tertiary or postgraduate education.

Regarding the decision-related variables (DEC1–DEC20), the mean values range be-
tween 3.2 and 4.3, with medians concentrated around 4, indicating a general tendency
toward moderate-to-high priority ratings in the triage decisions. The standard deviations,
mostly between 0.9 and 1.1, reflect reasonable variability among participants’ evaluations.

The negative skewness values observed in most decision variables (ranging approxi-
mately from −0.1 to −1.5) demonstrate a mild left skew, suggesting that participants more
frequently assigned higher priority scores. This behaviour is consistent with the context
of ethical triage, where individuals tend to favour caution or prioritize safety in uncertain
clinical scenarios. The kurtosis values near zero indicate distributions close to normality,
although a few variables (e.g., DEC1, DEC2, DEC9, DEC10) display mild leptokurtosis,
implying a concentration of responses around higher values.
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Table 2. Descriptive statistics of the original dataset.

Variable Mean Median STD Q1 Q3 Range Kurtosis Skewness

Age 36.43 31 17.66 20 50 74 −0.66 0.70
Gender 0.63 1 0.50 0.0 1.0 2.0 −1.43 −0.34
Marital Status 1.73 2.0 0.85 1.0 2.0 4.0 2.17 1.37
Education Level 4.77 4.0 1.59 4.0 6.0 8.0 0.17 0.0
Employment Status 2.27 2.0 1.41 1.0 3.0 5.0 −0.32 0.79
DEC1 4.16 4.0 0.98 4.0 5.0 4.0 1.99 −1.42
DEC2 4.26 5.0 0.99 4.0 5.0 4.0 2.13 −1.53
DEC3 3.86 4.0 0.94 3.0 5.0 4.0 0.32 −0.64
DEC4 3.76 4.0 0.94 3.0 5.0 4.0 −0.09 −0.48
DEC5 3.46 3.0 0.93 3.0 4.0 4.0 0.24 −0.19
DEC6 3.70 4.0 0.97 3.0 4.0 4.0 0.29 −0.59
DEC7 3.54 4.0 1.06 3.0 4.0 4.0 −0.11 −0.50
DEC8 3.78 4.0 0.97 3.0 5.0 4.0 0.14 −0.57
DEC9 4.16 4.0 0.97 4.0 5.0 4.0 1.60 −1.30
DEC10 4.11 4.0 0.92 4.0 5.0 4.0 1.32 −1.11
DEC11 3.91 4.0 1.01 3.0 5.0 4.0 0.42 −0.82
DEC12 3.93 4.0 1.08 3.0 5.0 4.0 0.14 −0.85
DEC13 3.57 4.0 1.13 3.0 4.0 4.0 −0.36 −0.49
DEC14 3.85 4.0 1.06 3.0 5.0 4.0 0.20 −0.79
DEC15 3.83 4.0 1.00 3.0 5.0 4.0 0.07 −0.63
DEC16 3.73 4.0 0.98 3.0 5.0 4.0 −0.23 −0.32
DEC17 3.58 4.0 1.03 3.0 4.0 4.0 −0.20 −0.35
DEC18 3.33 3.0 0.93 3.0 4.0 4.0 0.46 −0.11
DEC19 3.24 3.0 1.09 3.0 4.0 4.0 −0.32 −0.14
DEC20 3.63 4.0 0.93 3.0 4.0 4.0 0.06 −0.27

If we divide the current dataset by different classes there were 36 cases with a value less
than or equal to 1.49 for class 0 (not a priority), 747 cases with values between 1.50 and 3.49
for class 1 (low priority cases), 1929 for class 2 (Priority cases) with values between 3.50 and
4.49 and 363 cases with a value greater or equal to 4.50 for class 3 (High priority cases). This
enriched dataset is then used to train ML models, with feature selection methods helping
to pinpoint the most relevant factors for determining patient priority. These models are
designed with interpretability in mind, ensuring that their results are both understandable
and practically useful in real world clinical settings. In doing so, the dataset plays a central
role in answering the study’s research questions and in demonstrating the validity of the
proposed approach.

4.2. Pre-Processing

The original dataset consisted of 2125 cases and presented a clear class imbalance,
both in the binary and multi-class classification scenarios. In the binary configuration, class
0 included only 275 instances corresponding to responses rated between 0 and 3 while
class 1 comprised 2800 instances, associated with ratings higher that 3. It is important to
note that the dataset does not present a consistent total number of valid responses per case,
as the overall average score used to classify each instance could not always be calculated.
This was due to missing values (NaN) in the decision-related questions, which led to the
exclusion of incomplete cases from the classification process.

In the multi-class setup, the distribution was similarly skewed: class 0 included 36
instances (scores less than or equal to 1.49 ), class 1 had 747 instances (scores ranging from
1.5 to 3.49), class 2 accounted for 1929 instances (scores ranging from 3.5 to 4.49), and class
3 comprised 363 instances (scores greater than or equal to 4.5).

4.3. Binary Scenario

Refined Synthetic Data. The final approach focused on precisely addressing the in-
herent class imbalance by controlling the number of synthetic instances generated per class.
Unlike previous strategies, this method did not simply replicate the global distribution of
the original dataset or apply balancing as a preliminary step. Instead, it adopted a targeted
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strategy, determining the exact number of synthetic cases needed for each class so that,
when combined with the original real data, the final dataset would total 100,000 instances
with fully balanced class representation.

This refined approach was applied to both the binary and multi-class classification
settings, as it proved to be the most effective and robust strategy for producing high quality
synthetic data. Its goal was not only to correct imbalances but also to provide a strong,
generalizable foundation for training ML models with fair exposure to all class scenarios.

Data Distribution. A refined synthetic data generation strategy was implemented
that explicitly considered class balance while still being based on the original imbalanced
real data, which was applied to the binary and multi-class case. The goal was to ensure
that the generated dataset reflected the real world distribution while also providing a
sufficient number of cases for each class to train the models effectively. A crucial aspect
of validating the synthetic data is comparing its distribution with that of the real data. To
ensure that the generated data reflects the statistical characteristics of the real dataset, a
thorough comparative analysis was conducted on each variable and several key variables
were compared using statistical metrics.

Table 3 compares the distribution of all variables between the original and synthetic
datasets for the third approach. In this strategy, different amounts of synthetic data were
generated per class to counteract the real dataset’s imbalance, ensuring that after combining
both sources, each class was equally represented.

Table 3. Comparison of Real and Synthetic Data of the demographic variables for the refined synthetic
data in binary scenario.

Statistic Age Gender Marital Status Education Level Employment Status
Real Synth Real Synth Real Synth Real Synth Real Synth

Mean 36.43 38.05 0.63 0.60 1.73 1.73 4.77 4.78 2.27 2.25
Median 31.0 35.0 1.0 1.0 2.0 2.0 4.0 4.0 2.0 2.0
STD 17.67 19.31 0.50 0.51 0.85 0.84 1.59 1.63 1.41 1.41
Q1 20.0 24.0 0.0 0.0 1.0 1.0 4.0 4.0 1.0 1.0
Q3 50.0 57.0 1.0 1.0 2.0 2.0 6.0 6.0 3.0 3.0
Range 74.0 73.0 2.0 2.0 4.0 4.0 8.0 8.0 5.0 5.0
Kurtosis −0.66 −0.63 −1.43 −1.40 2.17 2.27 0.17 0.08 −0.32 −0.36
Skewness 0.70 0.71 −0.34 −0.18 1.37 1.40 −0.00 −0.06 0.77 0.78

Table 3 compares real and synthetic data under the refined synthetic data approach,
showing high alignment across most variables. This method successfully maintains the
structural integrity of all variables while introducing a controlled level of variability that
strengthens the dataset’s robustness. For instance, the age distribution in the synthetic
data, although slightly shifted towards older individuals, broadens the variability with-
out distorting the overall population profile. This is particularly valuable as it ensures
representation of wider patient scenarios, enriching model generalization.

Similarly, gender, marital status, and employment status show very consistency be-
tween real and synthetic data, with only marginal statistical deviations that fall within
acceptable tolerance. The education level variable also exhibits nearly perfect alignment,
proving that categorical structures are reliably replicated. The minor differences observed
they reduce the risk of overfitting to narrow real world patterns, while preserving the real-
ism needed for credible decision support models. Ranges remain consistent, and categorical
levels are fully preserved, ensuring no loss of semantic meaning or data integrity.

In summary, the synthetic dataset successfully replicates the key statistical characteris-
tics of the original data while enhancing balance and diversity.

Table 4 compares the distributions of the decision related variables (DEC1 to DEC5)
between the real dataset and the synthetic data generated under the refined synthetic data.
This approach focuses on generating synthetic samples in a way that, when combined with



Information 2025, 16, 986 14 of 21

the original data, results in balanced class representation across the target variable while
maintaining distributional characteristics of the predictors.

Table 4. Comparison of Real and Synthetic Data for Decision Variables (DEC1–DEC5) in binary scenario.

Statistic DEC1 DEC2 DEC3 DEC4 DEC5
Real Synth Real Synth Real Synth Real Synth Real Synth

Mean 4.16 3.85 4.26 3.60 3.86 3.40 3.76 3.29 3.46 3.15
Median 4.0 4.0 5.0 4.0 4.0 4.0 4.0 4.0 3.0 3.0
STD 0.98 1.29 0.99 1.37 0.94 1.24 0.99 1.32 0.93 1.16
Q1 4.0 3.0 4.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0
Q3 5.0 5.0 5.0 5.0 5.0 4.0 5.0 4.0 4.0 4.0
Range 4.0 5.0 4.0 5.0 4.0 5.0 4.0 5.0 4.0 5.0
Kurtosis 1.99 0.57 2.13 −0.02 0.32 0.31 −0.09 −0.27 0.24 0.12
Skewness −1.42 −1.05 −1.53 −0.87 −0.64 −0.88 −0.4800 −0.66 −0.19 −0.54

The statistical comparison across the five decision variables indicates that the synthetic
data captures key distributional characteristics present in the real dataset. For all variables,
the medians and inter-quartile ranges are preserved, reflecting consistency in the core
distribution shape. However, the synthetic data exhibits slightly lower means across all
variables, coupled with higher standard deviations. This indicates a broader spread and a
modest shift in central tendency, potentially reflecting the increased representation of lower
values in the synthetic samples. Despite these variations, the alignment in median and
quartile values supports the conclusion that the synthetic data remains representative of the
real data’s structure. This validates the suitability of the generated samples for downstream
tasks, while fulfilling the goal of class balancing imposed by the refined synthetic data.

Data Balancing. The method began by analyzing the number of real cases in each
class (275 in class 0 and 2800 in class 1). Based on this, the appropriate number of synthetic
samples was individually generated for each class to ensure that both reached an equal
representation in the final dataset. This means generating proportionally more data for the
underrepresented class (class 0), and less for the dominant class (class 1), correcting the
existing bias without distorting the statistical properties of the original data.

A total of 49,725 synthetic instances were generated for class 0 and 47,200 for class 1.
When combined with the original real data, each class reached exactly 50,000 instances,
resulting in a perfectly balanced final dataset. This equal class distribution provides a
solid foundation for developing classification models, enabling the algorithm to learn how
to predict patient priority levels without being affected by the structural bias present in
the original dataset. In addition to improving class balance, this controlled generation
ensured that each synthetic record adhered to the learned statistical relationships and
logical consistency of the original dataset. By doing so, the model avoided common pitfalls
associated with naive oversampling, such as redundancy or data artefacts.

4.4. Multi-Class Scenario

Refined Synthetic Data. Following the success of the refined balancing strategy in
the binary classification scenario, the same methodology was extended to the multi-class
configuration. Given the more complex distribution of classes in this scenario, with varying
levels of under-representation, a careful and systematic approach was adopted to ensure an
even class distribution while preserving the statistical integrity of the original data. Rather
than applying a generic oversampling method or maintaining the natural imbalance, this
refined approach aimed to generate the exact number of synthetic instances needed per
class. The objective was to ensure that, when combined with the real dataset, each of the
four classes would be equally represented, resulting in a final dataset composed of 100,000
balanced instances, 25,000 per class.

Data Distribution. This scenario involved four distinct priority levels: non-priority,
low priority, priority, and high priority. The synthetic data was carefully generated to ensure
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equal representation across these categories, with each class totalling 25,000 instances after
combining real and synthetic records. Before moving forward with the evaluation of
individual variables, it was essential to validate the overall distribution of the synthetic
data. A comparative distribution analysis was performed between the real and synthetic
data across all variables, highlighting how well the synthetic data replicates the structure
of the real dataset in this multi-class setting. This analysis served as a critical step in
verifying the fidelity and reliability of the synthetic dataset. Particular attention was given
to variables that influence classification performance, ensuring that the synthetic data
maintained both statistical consistency and semantic realism.

Table 5 presents a comparison of the distribution for the variables between the real
dataset and the synthetic data generated under the final multi-class balancing approach.
The table provides an overview of key distributional statistics to assess the fidelity of the
synthetic data in replicating the structure of the original dataset.

Table 5. Comparison of Real and Synthetic Data of demographic variables for the Refined Synthetic
Data in multi-class scenario.

Statistic Age Gender Marital Status Education Level Employment Status
Real Synth Real Synth Real Synth Real Synth Real Synth

Mean 36.43 37.12 0.63 0.61 1.73 1.73 4.77 4.78 2.27 2.29
Median 31.0 32.0 1.0 1.0 2.0 2.0 4.0 4.0 2.0 2.0
STD 17.66 15.57 0.50 0.50 0.85 0.82 1.60 1.61 1.41 1.43
Q1 20.0 25.0 0.0 0.0 1.0 1.0 4.0 4.0 1.0 1.0
Q3 50.0 46.0 1.0 1.0 2.0 2.0 6.0 6.0 3.0 3.0
Range 74.0 75.0 2.0 2.0 4.0 4.0 8.0 8.0 5.0 5.0
Kurtosis −0.66 0.47 −1.43 −1.46 2.17 2.28 0.17 0.14 −0.32 −0.45
Skewness 0.70 1.04 −0.34 −0.26 1.37 1.34 −0.00 −0.05 0.77 0.76

The refined synthetic dataset under the multi-class scenario shows strong alignment
with the real data while introducing small variations that enhance representativeness. The
age variable presents a slightly higher mean and skewness, capturing a broader spread of
cases and improving balance across groups.

Gender, marital status, and education level remain almost identical to the real data,
preserving structural fidelity. For employment status, the synthetic data introduces slightly
higher variability, which is beneficial for generalization. Overall, this refined approach
ensures both realism and controlled heterogeneity, making it especially suited for robust
multi-class modelling.

Table 6 presents a comparative summary of the statistical distribution of five decision
related variables (DEC1–DEC5) between the real dataset and the synthetically generated
dataset, both derived under the final multi-class balancing strategy. This evaluation is
crucial to assess whether the synthetic data can reliably mimic the key distributional
characteristics of decision making variables found in the original dataset, which are central
to downstream modelling and interpretation.

Table 6. Comparison of Real and Synthetic Data for Decision Variables (DEC1–DEC5) in multi-class scenario.

Statistic DEC1 DEC2 DEC3 DEC4 DEC5
Real Synth Real Synth Real Synth Real Synth Real Synth

Mean 4.16 3.73 4.26 3.78 3.86 3.54 3.76 3.39 3.46 3.15
Median 4.0 4.0 5.0 4.0 4.0 4.0 4.0 4.0 3.0 3.0
STD 0.98 1.69 0.99 1.66 0.94 1.62 0.99 1.64 0.93 1.46
Q1 4.0 3.0 4.0 3.0 3.0 2.0 3.0 2.0 3.0 2.0
Q3 5.0 5.0 5.0 5.0 5.0 5.0 5.0 5.0 4.0 4.0
Range 4.0 5.0 4.0 5.0 4.0 5.0 4.0 5.0 4.0 5.0
Kurtosis 1.99 −0.33 2.13 −0.44 0.32 −0.60 −0.09 −0.82 0.24 −0.47
Skewness −1.42 −0.99 −1.53 −0.92 −0.64 −0.76 −0.48 −0.63 −0.19 −0.56

The descriptive statistics demonstrate that the synthetic data maintains a close approx-
imation to the real dataset across all five decision variables. The mean and median values
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are generally consistent, with DEC1 and DEC2 showing slightly higher central tendency in
the real data, while the synthetic data exhibits marginally increased dispersion as reflected
in higher standard deviations for all variables.

The general shape and symmetry of the distributions are preserved, the synthetic
dataset offers a faithful representation of the real decision variables, supporting its adequacy
for subsequent analytical tasks within the multi-class framework.

The statistical comparison confirmed that the synthetic data is a highly reliable rep-
resentation of the real dataset. The preservation of means, medians, and quartiles of the
variables highlights the model’s ability to faithfully replicate central tendency and vari-
ability, ensuring that the synthetic data reflects the essential statistical structure of the
real dataset. While minor differences exist they do not significantly impact the overall
validity of the dataset. The high degree of similarity in statistical metrics suggests that
the synthetic data can be confidently used for analysis and modelling, maintaining the
essential characteristics of the original real world data.

Data Balancing. The process began with an analysis of the real data distribution across
the four priority levels: class 0 (non-priority), class 1 (low priority), class 2 (priority), and
class 3 (high priority). Based on the number of real instances in each class, synthetic data
was generated in a targeted manner to complement the deficit in each category. For class 0
has been generated 24,955 data samples, 24,253 synthetic data for class 1, 23,071 for class 2,
and 24,637 synthetic data for class 3. When combined with the respective real data, these
additions brought each class to exactly 25,000 instances. This resulted in a fully balanced
multi-class dataset with a total of 100,000 examples, ensuring fair and equal representation
of all priority levels for model training.

In addition to achieving balance, special care was taken to ensure that the synthetic
records remained statistically and semantically coherent. The average values of key decision
variables within each class stayed within the expected ranges defined for their respective
categories. Variables such as age, political orientation, and service usage patterns remained
within realistic and medically plausible boundaries. By applying this refined and controlled
synthesis approach, the resulting multi-class dataset provides a robust and fair foundation
for machine learning applications, enhancing the model’s ability to learn from all classes
equally and generalize effectively across different patient profiles.

Given this overall performance, this approach was selected as the basis for developing
the algorithm integrated into the patient triage application, as it proved to be the most
effective in terms of distributional fidelity and data balancing. The next step will be to
apply machine learning algorithms to this dataset to build and validate the predictive
components of the system.

4.5. Comparative Analysis with Related Work

Several recent studies have reported promising outcomes using generative models
such as CTGAN, CopulaGAN, and VAE for synthetic health data generation. According to
Hernandez et al. (2022) review [11], the heathcare domain concentrates the generation of
synthetic data using GAN. Although neural-based models such as GANs and VAEs have
demonstrated strong capabilities in generating complex synthetic data, their application in
healthcare remains problematic. These architectures frequently operate with limited inter-
pretability, which complicates the validation of outcomes and raises concerns regarding
trust and accountability in clinical contexts. Moreover, they tend to suffer from training in-
stabilities, including convergence failures and overfitting to dominant patterns, which may
suppress rare but medically relevant cases. Their performance is also highly dependent on
the correct selection of hyperparameters and hardware optimization, resulting in increased
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computational demands and limited scalability when applied to large or heterogeneous
healthcare datasets.

Table 7 summarizes key characteristics of recent studies on synthetic data generation
in healthcare and compares them with the proposed approach. Previous works, such as
those by Nasimov et al. (2024) [3] and Abedi et al. (2022) [8], primarily relied on GAN-
based architectures and focused on binary classification problems with relatively limited
dataset sizes. These models, although effective in small-scale experiments, often suffer
from training instability and limited generalization.

In contrast, the proposed SDV-based approach supports both binary and multiclass
scenarios and demonstrates superior scalability, expanding the dataset from 2125 real
samples to 100,000 synthetic observations while maintaining statistical fidelity. This scala-
bility, combined with improved transparency and lower computational complexity, makes
the proposed method a robust and adaptable alternative for healthcare data synthesis
compared with traditional GAN-based techniques.

Table 7. Comparison of Related Work and the Proposed Approach.

Approach Method Classification
Scope Domain Original

Sample Size
Final Data

Sample

[3] GAN Binary Health 766 10,000

[7] GAN Not
Available Health Not

Available
Not

Available

[8] GAN Binary Health 569 Not
Available

Proposed SVD Binary and
Multi-class Health 3085 100,000

4.6. Discussion

The experimental results demonstrate that the proposed synthetic data generation
approach, based on the SDV Gaussian Copula Synthesizer, effectively reproduces the
statistical structure of the original healthcare dataset while ensuring data privacy. The
analysis of distributional metrics, including mean, standard deviation, skewness, and
kurtosis, confirms a high degree of similarity between real and synthetic data, indicating
that the generated samples maintain the integrity and variability of the original variables.
These findings suggest that the probabilistic, statistically grounded nature of SDV provides
a stable and explainable alternative to neural generative models such as GANs and VAEs,
which often suffer from training instability and overfitting.

When compared with previous studies (Table 7), the proposed approach extends exist-
ing work in several dimensions. Unlike prior GAN-based studies that focused primarily on
binary classification and small datasets [3,8], this study successfully handles both binary
and multiclass healthcare triage problems. Moreover, the SDV framework enables the
expansion of the dataset from 2125 real to 100,000 synthetic records without compromising
statistical fidelity. This scalability highlights the robustness of the probabilistic copula-based
modelling approach and its ability to support applications that require larger and more
diverse datasets.

From a practical view, these results have important implications for data-driven deci-
sion making in healthcare. The ability to generate realistic, privacy-preserving synthetic
data enables hospitals, research institutions, and policymakers to conduct advanced mod-
elling and triage simulations without exposing sensitive patient information. This can
facilitate the development of predictive tools, improve ethical resource allocation, and
support compliance with data protection regulations.
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However, several limitations should be acknowledged. First, the present study focused
on statistical fidelity and did not include a full evaluation of model performance metrics or
statistical distance measures such as Jensen–Shannon or Kolmogorov–Smirnov divergence.
Second, the dataset used contained primarily demographic and decision-related attributes,
which may not fully represent the complexity of clinical data. Furthermore, the next
stage of this research will focus on developing an explainable prioritization platform that
leverages the generated synthetic data to support transparent and interpretable triage
decision making. This platform will combine data-driven prioritization models with
explainability mechanisms, enabling healthcare professionals to better understand and
justify the recommendations produced by AI-assisted systems.

In summary, the proposed SDV-based approach demonstrates that statistically
grounded models can generate scalable, high-fidelity, and privacy-respecting synthetic
data suitable for healthcare triage applications. Ongoing work will extend this research
to include more complex data modalities, quantitative similarity metrics, and open access
to the implementation upon request, thus reinforcing transparency and reproducibility in
synthetic data generation research.

From a privacy perspective, the generation of synthetic data inherently supports data
protection principles. Because the SDV Gaussian Copula Synthesizer reproduces only
the statistical relationships among variables and not the actual records, no individual
information from the original dataset is retained. This mechanism effectively prevents data
re-identification, enabling the use of realistic datasets for analysis and model training in
compliance with privacy regulations.

5. Conclusions
The analysis demonstrates that synthetic data generation constitutes an effective

strategy for addressing the limitations of the original dataset, particularly the severe class
imbalance and the relatively small sample size in minority groups. Across all approaches,
the comparative analysis confirmed that the generated data accurately preserved the
statistical properties of the real dataset, both for sociodemographic variables and decision-
related attributes. Central tendency, dispersion, and higher-order metrics such as skewness
and kurtosis were consistently aligned, ensuring that the synthetic records retained the
shape and structure of the original distributions without introducing distortions.

Among the three strategies tested, the refined synthetic data approach proved to be
the most robust and reliable. By explicitly controlling the number of synthetic instances
generated for each class, this method ensured full class balance in both binary and multi-
class classification scenarios, while simultaneously maintaining distributional fidelity across
key predictors. This not only mitigates the risk of overfitting but also provides a more
generalizable and fair basis for machine learning model training.

Overall, the results highlight the dual role of synthetic data: on the one hand, it pre-
serves the realism and statistical integrity of the source dataset; on the other, it enriches the
training environment by correcting imbalances and broadening variability. This positions
the refined synthetic dataset as a solid foundation for the development of interpretable
and trustworthy ML models in medical triage, ultimately supporting more equitable and
data-driven decision making in healthcare resource allocation.

While the results of this study confirm the potential of the SDV Gaussian Copula
Synthesizer to generate high-fidelity and privacy-preserving synthetic data for healthcare
applications, several limitations must be recognized. The present work focused primarily
on statistical validation, without incorporating full performance or distance-based similarity
metrics. Moreover, the dataset used contained mostly demographic and decision-related
variables, which limits the scope of inference for clinical contexts. Future work will therefore
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expand the analysis by integrating clinical indicators and evaluating additional fidelity
and privacy metrics. Building upon these foundations, the next stage of this research
will involve the development of an explainable prioritization platform that leverages the
generated synthetic data to support transparent, interpretable, and ethically aligned triage
decisions in real-world healthcare environments.
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