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Abstract

The management of healthcare resources, particularly in contexts of scarcity such as crises or pan-
demics, presents a pressing challenge, further complicated by the absence of explicit and widely
accepted prioritization guidelines. In such scenarios, healthcare professionals often carry a sig-
nificant ethical burden, making critical decisions based on implicit rationing criteria, frequently
without the support of structured methodologies or public consensus. This study presents OP-
TIMA Health Priority, an intelligent, automated, and explainable triage system designed to assist
in ethically sustainable patient prioritization. The OPTIMA is grounded in public perceptions,
collected through a large scale online questionnaire where participants were asked to make priori-
tization choices between patients with different clinical and personal characteristics.

One of the key challenges encountered in this context was class imbalance, particularly con-
cerning under represented prioritization profiles. Such imbalance can lead to biased model pre-
dictions, disproportionately favouring more frequent cases and neglecting critical but rarer patient
profiles. To address this, the synthetic data generation process was carefully designed to ensure
class distribution parity across different prioritization levels using Gaussian Copula models within
the Synthetic Data Vault framework, ensuring balanced, privacy compliant, and ethically repli-
cated input data. This balancing was crucial for achieving fair and generalizable model perfor-
mance.The proposed prioritization model, OPTIMA, integrates a multi-criteria decision support
algorithm, combining advanced machine learning classifiers. Classification is guided by nine eth-
ically grounded and socially accepted rationing criteria: (i) severity of disease (pain); (ii) life
expectancy gain; (iii) age; (iv) rule of rescue (imminent risk of death); (v) improvement in quality
of life; (vi) waiting time; (vii) social need (e.g., parenthood); (viii) negative merit (e.g., risky be-
haviours); and (ix) instrumental value (e.g., being a healthcare worker). To enhance interpretability
and trust, model decisions are explained, offering transparency and insight into how each feature
influences prioritization outcomes.

The core contributions of this work include: (i) the ethical generation of synthetic data for
healthcare modelling; (ii) the development of a transparent and auditable triage system; (iii) the
alignment of algorithmic decisions with societal values and ethical principles; and (iv) method-
ological reproducibility and scalability. Experimental results confirm the model’s robustness and
predictive performance, indicating its potential to support fair, consistent, and socially aligned
patient prioritization in real world healthcare systems. To our knowledge, this is the first com-
prehensive attempt to develop an explainable Artificial Intelligence system for patient triage that
explicitly integrates societal values into algorithmic healthcare decisions, promoting both equity
and efficiency in resource constrained medical environments.

Keywords: Healthcare scarcity; Healthcare rationing, Patient prioritisation, Synthetic Data Gen-
eration, Explainable Artificial Intelligence.
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Resumo

A gestão de recursos de saúde, particularmente em contextos de escassez como crises ou pan-
demias, representa um desafio, agravado pela ausência de diretrizes de priorização explícitas.
Nesses cenários, os profissionais de saúde carregam um pesado encargo ético, tomando decisões
críticas baseadas em critérios de racionamento implícitos e sem o apoio de metodologias estrutu-
radas ou do consenso público. Este estudo apresenta o OPTIMA Health Priority, um sistema de
triagem inteligente, automatizado e explicável, concebido para apoiar a priorização de pacientes
de forma eticamente sustentável. O OPTIMA baseia-se nas percepções da população, recolhi-
das através de um questionário, no qual os participantes foram convidados a tomar decisões de
priorização entre pacientes com diferentes características clínicas e pessoais.

Um dos principais desafios enfrentados neste contexto foi o desbalanceamento das classes, par-
ticularmente no que diz respeito a perfis de priorização sub-representados. Este desbalanceamento
pode conduzir a previsões enviesadas por parte do modelo, favorecendo desproporcionalmente
os casos mais frequentes e descurando perfis de pacientes críticos, mas mais raros. Para mitigar
este problema, é proposto um processo de geração de dados sintéticos de forma a garantir a pari-
dade na distribuição das classes entre os diferentes níveis de priorização, recorrendo a modelos de
Cópula Gaussiana no âmbito da framework Synthetic Data Vault. Este equilíbrio foi fundamental
para alcançar um desempenho justo e generalizável por parte dos modelos.O modelo de prior-
ização proposto, OPTIMA, integra um algoritmo de apoio à decisão multi-classe, combinando
classificadores avançados de Machine Learning.A classificação é orientada por nove critérios de
racionamento, social e eticamente reconhecidos: (i) gravidade da doença (dor); (ii) ganhos na ex-
pectativa de vida; (iii) idade; (iv) risco iminente de morte; (v) melhoria da qualidade de vida; (vi)
tempo de espera; (vii) necessidade social (e.g., parentalidade); (viii) mérito negativo (e.g., com-
portamentos de risco); e (ix) valor instrumental (e.g., ser profissional de saúde). Para aumentar a
interpretabilidade e a confiança, as decisões do modelo são explicadas, oferecendo transparência
e perceção sobre como cada feature influencia os resultados.

As contribuições centrais deste trabalho incluem: (i) a geração de dados sintéticos na saúde;
(ii) o desenvolvimento de um sistema de triagem transparente e auditável; (iii) o alinhamento
das decisões com valores sociais e princípios éticos; e (iv) reprodutibilidade e escalabilidade
metodológica. Os resultados experimentais confirmam a robustez e o desempenho do modelo, in-
dicando o seu potencial para apoiar uma priorização de pacientes justa, consistente e socialmente
alinhada. Até onde sabemos, esta é a primeira tentativa abrangente de desenvolver um sistema de
Inteligência Artificial explicável para triagem de pacientes que integra explicitamente valores soci-
ais nas decisões algorítmicas em saúde, promovendo equidade e eficiência em ambientes médicos
com recursos limitados.

Palavras-chave:: Escassez de recursos na saúde, Racionamento de cuidados de saúde, Triagem
Priorização de Doentes, Geração de Dados Sintéticos , Inteligência Artificial Explicável.
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“The greatest danger in times of turbulence is not the turbulence; it is to act with yesterday’s
logic.”

Peter Drucker
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Chapter 1

Introduction

In recent years, healthcare systems around the world have faced increasing pressure due to rising

demand, limited resources, and unforeseen crises such as the COVID19 pandemic [15, 22, 69].

These challenges have highlighted the urgent need for intelligent decision support systems that

can assist healthcare professionals in making fair, transparent, and data driven choices, particu-

larly in scenarios where not all patients can be treated immediately [25, 69, 28]. The allocation of

scarce medical resources, such as beds or ventilators, often involves complex ethical and clinical

judgments that can benefit significantly from computational support. In this context, the devel-

opment of prioritization frameworks that incorporate medical data, predictive models, and ethical

guidelines is both timely and necessary [15, 22, 69]. In this context, this chapter describes the

context of the problem, the motivation, the objectives and the main research questions. Finally, it

depicts the structure of the document.

1.1 Context

Managing healthcare resources, particularly in scarcity scenarios such as emergencies or pandemic

crises, poses a critical and pressing challenge [20, 22]. The health systems operates under struc-

tural limitations that were dramatically exposed during the COVID19 pandemic, when demand for

intensive care beds rapidly exceeded supply, leading to system collapse and deaths [15, 22, 69].

Against this backdrop, establishing priorities among patients based on explicit rationing criteria

becomes a central, unavoidable task that requires a shift in care objectives from maximizing indi-

vidual benefit toward maximizing collective welfare and distributive justice [35, 75]. Nowadays,

these decisions are taken implicitly by physicians that support a heavy ethical and emotional bur-

den often without adequate training or support for such complex decisions [4, 35].

The literature proposes multiple criteria to guide patients prioritisation under scarcity, includ-

ing clinical need, treatment benefit, waiting time, post treatment quality of life, patients social

role, and age [28, 32]. Practical implementation, however, faces hurdles such as decision making

subjectivity, potentially leading to inconsistency and inequity, and time pressure, which increases

the risk of rushed or sub-optimal choices [35, 15]. Moreover, a lack of clear guidelines and the
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fragility of scientific evidence for assertive resource allocation have been repeatedly highlighted

[25, 69].

From a technical standpoint, building fair and reliable prioritisation systems requires access

to rich and balanced datasets something rarely available in real world scenarios. In this work,

the underlying dataset posed some challenges, like scarcity and imbalance. With only 3085 valid

patient records, the data was insufficient to train high performing classifiers, particularly given

the severe imbalance across both binary and multi-class priority labels. Some priority levels were

significantly under represented, risking biased predictions and undermining system fairness. To

overcome this limitation, synthetic data generation techniques were employed, using Gaussian

Copula models to produce statistically faithful and privacy compliant synthetic records that restore

class balance while preserving the joint distribution of features [37, 71, 26, 70, 48, 18].

1.2 Motivation

Although real data are commonly used in healthcare decision support systems, they are often

scarce, sensitive, or institutionally restricted especially in ethically complex contexts like patient

triage. To overcome these limitations, the approach relies on public perceptions of prioritization

criteria and generates synthetic, balanced data that reflect socially accepted values [26, 32, 37].

Although many studies have investigated society’s perception of the rationing criteria they support,

this data is difficult to compare because it uses different methodologies and is often insufficient or

severely imbalanced [22, 35, 36]. It represents a risk of biased algorithms that fail to identify the

most vulnerable patients, with serious ethical, legal and clinical consequences [42, 61, 69].

This study leverages synthetic data generation. Using a Gaussian Copula approach within

the Synthetic Data Vault (SDV) framework, we simulate realistic, balanced and ethically safe

datasets while preserving statistical distributions and complex relationships among variables [37,

71, 26, 70, 48, 18]. This strategy not only mitigates bias and scarcity but also ensures diversity

and representativeness, prerequisites for fair, robust and generalisable decision systems [74, 32].

At the same time, Machine Learning (ML) based triage raises ethical concerns. Many algorithms

behave as black-box, obscuring their reasoning and undermining trust and transparency in clinical

settings [42, 35]. Explainable, auditable classifications are therefore essential. We adopt eXtreme

Gradient Boosting (XGBoost) combined with SHapley Additive exPlanations (SHAP), providing

visual, evidence based explanations for each decision [13, 3, 53].

The main motivation comes from two structural challenges: (i) real data scarcity concerning

public preferences for patient prioritization criteria and bias; and (ii) the need to make critical

clinical decisions with ethical, transparent, and auditable models. Synthetic data with statisti-

cal guarantees, paired with explainable classifiers, constitute a key innovation of this work as an

essential step toward more equitable and accountable patients prioritisation system aligned with

society’s values. Against this backdrop, the present study proposes a comprehensive, explainable

Artificial Intelligence (AI) solution to support clinical decisions under scarcity supported by so-

ciety. The automated patient prioritising system relies on data from a sample of 3085 Portuguese
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citizens collected through an online questionnaire designed to gauge social perceptions of priority

criteria in extreme scarcity situations. Incorporating public opinion helps align decision models

with shared ethical values, fostering broader acceptance and legitimacy.

1.3 Objectives

The overarching goal is to develop an intelligent system to prioritise patients in a context of health-

care scarcity. The system should be explainable, automated and ethically sustainable while main-

taining interpretability and accuracy. Additionally, the system must support both binary (priority

/ non-priority) and multi-class (multiple priority levels) classifications. Specifically, this work

contributes with:

• Advanced Synthetic Data Generation: A Gaussian Copula technique to produce clinically

plausible, ethically secure data with class balancing.

• Explainable Ethical Classification: High performance models with integrated interpretabil-

ity.

• Interactive Triage Application: A real time system offering clear visual explanations to

clinicians and end users.

• Ethical Sustainability: Direct mapping of rationing criteria to explainable variables, rein-

forcing fairness and accountability.

• Reproducibility and Transparency: A complete pipeline from data generation to explainable

inference with open, replicable code and documentation.

These contributions enable to create the OPTIMA Health Priority system which will explore

multiple research questions:

1. Can a robust and interpretable classification system be developed to prioritise patient triage?

Witch aligns with the goal of developing Explainable Ethical Classification, ensuring robust

and fair triage decisions.

2. How closely do the synthetic datasets generated reflect the distributions and statistical prop-

erties of the real data? Is directly addressed by the Advanced Synthetic Data Generation

contribution, which focuses on data plausibility and class balance.

3. Are the proposed classification models explainable, and can feature importance be effec-

tively leveraged to prioritise patients? Related with both objectives, the Explainable Ethical

Classification and the Interactive Triage Application, which operationalise transparency and

feature level interpretability.

4. Is it feasible to develop a multi-class patient screening system that enhances triage outcomes

with transparency and reliability? Relates to the combination of Interactive Triage Applica-

tion and Ethical Sustainability, enabling usable, transparent and multi-level triage support.
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Reproducibility and Transparency objective, underpins all research questions, by ensuring that

the full pipeline from synthetic data generation to explainable model deployment is replicable,

auditable, and trustworthy. This reinforces both the scientific rigor and practical applicability of

the system.

Each of these questions corresponds to a fundamental challenge in healthcare decision making,

particularly under conditions of data scarcity, ethical complexity, and the demand for fairness

and transparency. Throughout the dissertation, these questions are examined through quantitative

evaluation, model performance analysis, and interpretability.

1.4 Dissertation Structure

This dissertation is structured into five chapters, each building upon the previous to offer a coherent

narrative from problem identification to the proposed solution and its evaluation.

• Chapter 1 – Introduction: Introduces the problem context, motivation and relevance of

patient prioritisation in scenarios of healthcare scarcity. It also outlines the main objectives,

research questions, and the overall scope of the work.

• Chapter 2 – Literature Review: Provides a comprehensive overview of the theoretical and

technical foundations that inform this work. It surveys the state of the art in patient triage

systems, explainable ML, synthetic data generation, and ethical frameworks for resource

allocation. This chapter also highlights existing gaps and motivates the contributions of the

present work.

• Chapter 3 – Methodology: Describes the methodological approach adopted for system

development. It includes a detailed account of the dataset used and its limitations, the syn-

thetic data generation process using Gaussian Copula models, and the machine learning

techniques applied. Emphasis is placed on how the design choices aim to ensure ethical

alignment, explainability, and technical robustness.

• Chapter 4 – Experiments and Results: Presents the experimental setup, evaluation met-

rics, and key findings. It assesses the performance of the classification models in both binary

and multi-class settings, compares real and synthetic data distributions, and analyses feature

level explanations using tools such as SHAP. The results are discussed in light of the re-

search questions and objectives.

• Chapter 5 – Conclusions and Future Work: Summarises the main contributions and find-

ings of the dissertation. It analyses the implications of the work for clinical practice and

ethical decision making in healthcare triage. Limitations are acknowledged, as well as the

response to research questions and avenues for future works are suggested.

Overall, the dissertation provides a step-by-step account of how a socially grounded, inter-

pretable, and technically sound prioritisation system was designed, implemented, and evaluated.



Chapter 2

Literature Review

This chapter presents a comprehensive review of the literature, focusing on three main domains:

(i) explainable methods in ML; (ii) patient classification and prioritization; and (iii) efficiency and

ethical criteria for establishing patient’s priorities. The critical analysis of the literature aims to

establish the theoretical and empirical foundations supporting the development of an automated,

explainable, and ethically sustainable patient prioritization system, as proposed in this dissertation.

2.1 Current Challenges in the National Health System – Resource
Scarcity

Establishing a patient priority classification is a critical step in managing health resources, particu-

larly in emergency or resource-limited settings such as overcrowded hospitals or during pandemic

crises [15, 75, 58]. Even in normal times, all health systems around the world operate under struc-

turally and chronically scarce resources, with material and human limitations that have long been

neglected by policymakers [69, 58]. This lack of resilience severely compromises the ability to

respond to crises, bringing about increased challenges in healthcare care provision [15, 19].

During the COVID19 pandemic, this structural deficit worsened significantly [15, 17]. The

demand for intensive care and medical equipment quickly outpaced supply, leading to system col-

lapse and avoidable deaths [69, 15, 17]. Resource allocation, thus, became a critical and often

reactive process, lacking universal criteria or consolidated scientific evidence [69]. The absence

of clear guidelines, combined with extreme pressure, created a context fraught with moral, social,

political, and economic dilemmas, requiring urgent short term strategies and long term structural

solutions [34, 21]. In this scenario, prioritizing patients becomes a central and unavoidable task.

According to health economics, whenever healthcare resources are insufficient to meet all needs,

the care goals should be to attain efficiency, i.e. society-centered where collective benefit is pri-

orirtised over individual benefits. Therefore, health economics follow the utilitarianism ethics, a

consequentialist moral framework that defines moral decisions as the ones that produce the great-

est good health for the greatest number of people. Key to utilitarisianism is the maximization

of health benefits [34, 75]. In this context, the criterion of efficiency determines that health care

5
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should be directed to the patient who benefits most from it, measured in life expectancy and/or

quality of life [34, 35, 6]. Furthermore, a growing body of literature indicates that societies do

not exactly agree with this efficiency criterion, favouring other criteria such as some personal

characteristics of patients, namely parenting, lifestyles and their guilt towards the disease and in-

strumental value [34, 4, 6]. Following this rule, imposes a heavy ethical and emotional burden on

healthcare professionals, who are often not trained or adequately supported to make such complex

decisions [4, 35, 21].

2.1.1 Ethical Clinical Criteria in Triage

Several criteria have been discussed in the literature to guide patient prioritization in the context

of healthcare scarcity [21, 58]. The severity of illness is frequently applied, prioritizing those in

the most critical condition. However, this may lead to inefficient use of resources on patients with

low chances of recovery [35, 75]. Other criteria focus on the likelihood of benefit from treatment,

emphasizing patients with better prognoses or greater life expectancy post intervention [34, 67].

This approach aims to maximize health outcomes and is common in international guidelines.[67]

Waiting time, or first come first served criterion, is also considered in some systems. While in-

tuitive, it is often criticized for disregarding clinical urgency and unfairly favouring those with

faster access to care [65, 69, 67]. Post-treatment quality of life is another controversial aspect.

Though relevant, it raises concerns about potential discrimination against people with disabili-

ties or chronic illnesses [15, 69, 11]. The presence of dependents (e.g., young children) or the

patient’s social role, specially in essential professions such as physicians or firefighters, are also

factors considered in some contexts to break ties between patients with similar clinical prospects

[35, 69]. Age is one of the most debated criteria. Some advocate prioritising younger individuals

due to greater future benefit or the principle of life cycle fairness [35, 65], while others reject it as

inherently discriminatory [4, 11].

Finally, criteria based on personal merit or risk behaviour lifestyles, e.g., mainly caring un-

healthy lifestyles, are generally rejected by contemporary bioethics. Nonetheless, discussions

persist around personal responsibility in health in specific areas, such as eligibility for transplants

[75, 6].

2.1.2 Practical Limitations of these Criteria

Despite the existence of sound ethical and clinical foundations, the practical application of these

criteria faces significant challenges. Subjectivity in decision making can lead to inconsistencies

between healthcare professionals, undermining equity in care delivery [74, 11, 58]. Additionally,

it may go against social values, increasing people’s distrust [15, 11, 67].

In response, policymakers must make considerable efforts to improve their acceptability by

increasing transparency in decision making processes. One of the most recent ways to achieve

this transparency is through the use of AI [61]. The introduction of AI tools brings new concerns.
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Many ML models operate as black-box, making the decision making processes opaque and reduc-

ing transparency, trust, and accountability in clinical contexts [61]. Further issues include dataset

imbalance, where critical cases are under represented, resulting in biased algorithms that may mis-

classified high risk patients [22]. Misclassifications in patient prioritisation carries serious ethical,

legal, and financial implications for healthcare institutions [28].

Therefore, beyond strong ethical and scientific foundations, building effective triage systems

requires strategic planning, transparency, staff training, careful integration between technology ,

and social value judgments. The goal is not only to maximize the lives saved but also to preserve

justice, trust, and ethical legitimacy in decisions made under extreme scarcity of healthcare re-

sources [15, 53]. Intrinsically interpretable algorithms have been applied to enhance transparency,

improve auditability, and increase clinical trust in automated recommendations [5].

2.2 Synthetic Data Generation

In healthcare, datasets are often imbalanced and eliciting societal data concerning their support for

the criteria that should guide patient prioritisation are often imbalanced and biased. Therefore, the

synthetic data generation offers a promising alternative: it preserves the statistical patterns of real

data without exposing individual records [32]. In this context, synthetic datasets faithfully mimic

joint distributions and structural dependencies, enabling simulation, behavioural modelling and

algorithm development when real samples are scarce or legally restricted [25, 2, 37]. 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 [2]. In turn,

health data are highly sensitive and regulated [58]. Even with anonymisation, re-identification

risks remain. High fidelity synthetic data, decoupled from real patients, facilitate research and

innovation within ethical and legal boundaries [2, 32].

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 genera-

tive models capable of learning complex variable dependencies and producing novel combinations

(“sampled zeros”) [25, 32, 70]. These techniques aim to produce realistic and representative data

that preserve the statistical properties of the original dataset, thereby supporting robust and gener-

alizable ML models for patient prioritization and other healthcare tasks.

Bayesian-Network (BN) encode conditional relationships through directed acyclic graphs. Sam-

pling from the learned joint distribution allows the generation of synthetic records. Despite
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their interpretability, they become computationally infeasible as dimensionality increases,

and they struggle to model non-linear dependencies, compromising both data quality and

privacy [70, 37, 26]. Limitations include: (i) exponential growth in learning complexity

with the number of variables [48]; (ii) poor representation of highly non-linear relationships

[26]; and (iii) tendency to memorise real data, putting privacy at risk [26].

Neural Generative Models such as Variational Autoencoders (VAE) and Generative Adversarial

Networks (GAN) have gained prominence. VAE map data to a latent space through varia-

tional inference, being effective with continuous variables, including longitudinal and eye-

tracking datasets [32, 25, 37]. However, they struggle with categorical attributes and require

significant computational resources for large datasets [18, 26]. 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 condi-

tional techniques to handle categorical variables and class imbalances, improving synthetic

fidelity and predictive performance when combined with real data [18, 2].

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 [26]. Addi-

tionally, problems such as “mode collapse” where the generator produces low diversity data

can result in synthetic datasets that omit rare but clinically significant patterns [26]. These

models impose a considerable computational burden, require careful hyperparameter tun-

ing, and are sensitive to training conditions, leading to long training times and increased

risk of runtime errors when working with large datasets [48, 18, 26].

Synthia is an open source multidimensional synthetic data generator implemented in Python [46].

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

[46]. 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 [46]. 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 func-

tions from the original data [16].

SDV emerges as a robust and modular solution based on copula theory, specifically designed for

tabular data. Gaussian Copula, it´s a function that couples multivariate distribution func-

tions to their univariate margins by describing the dependency structure through a multivari-

ate normal distribution applied to transformed uniform variables [49, 70, 37]. Univariate

modelling is performed using Gaussian Mixture Models (GMM), which represent a proba-

bilistic model composed of multiple Gaussian components, that links univariate marginals
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through a multivariate normal distribution after transforming the data using empirical cu-

mulative distribution functions (Empirical Cumulative Distribution Functions (ECDF)) [70,

37, 71, 49]. 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

[32, 37, 49].

SDV framework offers several advantages that make it particularly suitable for generat-

ing healthcare data. First, it demonstrates high statistical fidelity and clinical realism by

preserving the structural and statistical properties of the original dataset, including relation-

ships between tables and columns [18, 48]. 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 [71, 51].

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 en-

hanced protection since its probabilistic approach prevents memorization of real data points, pro-

moting an implicit form of differential privacy [18, 70]. 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 [18, 48]. Lastly, among the models in-

cluded in the SDV library, CopulaGAN and GaussianCopulaSynthesizer are particularly notewor-

thy for their capacity to model complex dependencies in tabular data. CopulaGAN combines the

adversarial training dynamics of GANs with copula based statistical modelling [70, 37, 51, 78].

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 [56, 37, 52]. On

the other hand, the GaussianCopulaSynthesizer, simplifies this approach by assuming a Gaus-

sian copula structure. It transforms variables into a standard normal space using probability in-

tegral transforms and models their joint distribution using a multivariate Gaussian copula. This

model has demonstrated high effectiveness in reproducing realistic synthetic datasets while main-

taining the integrity of variable correlations and supporting both continuous and categorical data

[48, 51, 52, 78].

Although GAN, VAE, Synthia, and BN have merits in specific domains, SDV represents a

more robust, explainable, and efficient alternative for synthetic data generation in sensitive con-

texts such as healthcare [37, 32]. Within the SDV framework, the GaussianCopulaSynthesizer

was selected over CopulaGAN due to its stronger statistical grounding, greater transparency, and

lower computational complexity [52, 78]. While CopulaGAN leverages adversarial training to

capture complex nonlinear dependencies, it also introduces challenges such as increased training

instability and reduced interpretability. In contrast, the GaussianCopulaSynthesizer, by assuming

a Gaussian copula structure, provides a simpler yet effective model that preserves variable corre-

lations and supports mixed data types with high fidelity. [52, 48, 18, 78] This balance of rigor,

explainability, and scalability makes SDV and specifically the GaussianCopulaSynthesizer the
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ideal choice for this dissertation, enabling the generation of realistic, privacy-preserving synthetic

data suitable for healthcare predictive modelling [48, 18, 78, 52].

2.3 Explainable Artificial Intelligence in Healthcare

The integration of AI into healthcare decision making processes has shown great promise in en-

hancing diagnostic accuracy, treatment planning, and resource allocation. Prioritisation can be

seen as a ML classification problem grouping the patients with levels of priority. ML, a subfield

of AI, aims to build models that learn from experience and make predictions on unseen data [20].

These models detect patterns, classify cases and forecast outcomes across a wide range of medical

applications [3]. Recent advances in AI have produced highly accurate diagnostic and prognostic

tools, often surpassing human performance in tasks such as medical image interpretation, multi-

modal physiological monitoring and genomic analysis [36, 3].

The adoption of AI in such critical domains raises significant concerns about transparency,

trust, and accountability. Explainable Artificial Intelligence (XAI) emerges as a key area of re-

search aimed at making AI models more understandable and interpretable to human users, partic-

ularly clinicians and healthcare administrators. This section explores the role of XAI in healthcare,

highlighting its importance in ensuring that AI-driven models are not only accurate but also justifi-

able and aligned with medical and ethical standards. XAI refers to a set of techniques designed to

make the decision making processes of complex ML models transparent and interpretable to hu-

man users especially critical in high stakes areas like healthcare [43, 3]. Unlike black-box models

that offer high accuracy but little insight into why a decision was made, XAI seeks to bridge this

gap through explanations that are both understandable and justifiable [43, 53]. A study examining

clinician interaction with XAI in a COVID19 prediction model found that explanations reduced

automation bias and supported clinician reasoning [77]. Given the high stakes of triage systems,

XAI it’s foundational ensuring that the triage system is not only accurate but also transparent,

interpretable, and aligned with human expectations and ethical standards [3]. Explainability tech-

niques therefore play a pivotal role, clarifying individual predictions and increasing transparency

[3].

2.3.1 ML Classification Models

In the context of healthcare scarcity, accurately determining the urgency with which patients

should receive treatment is critical [67, 58]. ML classification models offer a data-driven approach

to support this task by categorizing patients into predefined prioritization levels based on clinical

and contextual variables. These models can learn complex patterns from historical healthcare

data, enabling rapid and consistent triage decisions that go beyond subjective human judgment

[53, 44]. This section presents the rationale for using classification techniques in patient prioriti-

zation, outlines the most relevant algorithms for this task, and discusses the criteria for evaluating

their performance in real world healthcare settings.
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Random Forest (RF) is an ensemble algorithm introduced by Breiman (2001) that constructs

multiple decision trees from bootstrapped data samples and aggregates their votes [10, 9].

By “divide-and-conquer”, each tree learns from a slightly different subset, and the collective

prediction outperforms any single tree [53]. RF is robust to noise, handles feature interac-

tions automatically and cope well with class imbalance through majority-class subsampling

[53]. RF has been widely adopted in healthcare research to: (i) predict diabetic disease [55];

(ii) assess the risk of pre term birth [53]; (iii) identify longitudinal health predictors in a 30

year cohort [42]; and (iv) estimate mortality and survival in palliative care settings [25]. Be-

yond clinical practice, RF underpins genomics driven precision medicine, cheminformatics,

ecology and bioinformatics [53, 9].

Artificial Neural Networks (ANN) are computational models inspired by the brain, comprising

layers of interconnected artificial neurons that adjust connection weights during learning

[44, 7]. Deep architectures have dramatically improved predictive accuracy in medical

imaging, risk prediction and genomics [36, 2, 25]. Multi Layer Perceptron (MLP) is the

classical feed-forward ANN with multiple densely connected hidden layers and non-linear

activation functions. Training uses back propagation to minimise prediction error by gra-

dient descent. Despite its architectural simplicity, the MLP remains highly competitive for

structured, tabular clinical data, offering reliable performance with lower computational cost

and easier interpretability compared to more complex models [44]. Convolutional Neural

Networks (CNN), are a specialized type of ANN designed to capture spatial hierarchies in

data through convolutional layers that apply filters across input dimensions. This makes

them particularly effective in image based domains, such as radiology and ophthalmology,

where spatial relationships are critical [7, 36]. While CNN have demonstrated exceptional

success in spatial data domains such as medical imaging particularly when integrated with

MLP in hybrid pipelines for tasks such as ocular disease or breast cancer detection [7, 36].

XGBoost is a scalable and optimized implementation of Gradient Boosting Machines (GBM),

an ensemble method that builds additive models by sequentially combining weak learners,

typically decision trees, to minimize prediction error [13]. Each new tree is trained to correct

the residuals of the previous ensemble, allowing the model to capture subtle non-linear

feature interactions and perform robustly even with imbalanced or noisy data [13]. Despite

its complexity, XGBoost is widely regarded for its speed, regularization capabilities, and

predictive accuracy, making it especially valuable in high stakes classification tasks [13, 3,

20]. In cardiology, for instance, XGBoost combined with feature selection techniques such

as SelectKBest or Feature Importance has been successfully applied to predict myocardial

infarction risk [3, 20].

The selection of RF, ANN, and XGBoost models for patient prioritization is grounded in

their demonstrated effectiveness and suitability for healthcare applications characterized by

complex, high dimensional, and often imbalanced data [44, 13, 9]. RF’s robustness to noise,
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ability to handle feature interactions automatically, and proven performance in clinical pre-

diction tasks such as disease risk and mortality estimation make it a reliable baseline for

interpretable yet powerful modelling [9, 55, 42, 25]. ANN, particularly deep architectures

including CNN and MLP, have shown substantial advances in predictive accuracy across

medical imaging, genomics, and risk stratification, supporting their utility for capturing non

linear and hierarchical relationships inherent in clinical data [44, 7, 2, 25]. XGBoost, a

gradient boosting framework, excels at modelling subtle feature interactions and correcting

errors iteratively, which enhances its predictive power and has been successfully applied to

high stakes domains such as cardiology [13, 3, 53]. Furthermore, all three models bene-

fit from ongoing developments in explainability and interpretability techniques, addressing

ethical and practical concerns vital for clinical adoption [53, 36, 5]. Thus, these models

represent a balanced combination of accuracy, robustness, interpretability, and clinical rele-

vance, justifying their selection amid a wide spectrum of machine learning methods.

As shown in Table 2.1, each of the selected algorithms exhibits distinct strengths relevant to

clinical decision making contexts. RF provides a solid trade-off between complexity and inter-

pretability, offering high reliability and transparent insight into variable importance, which is par-

ticularly valuable in healthcare environments where explainability is essential [9, 55]. MLP, while

offering high capability in modelling non-linear and hierarchical patterns, is less interpretable and

requires higher computational resources, making it more suitable for complex cases where ac-

curacy outweighs transparency [44, 2, 25]. GBM, though more computationally demanding to

fine tune, excel in capturing subtle feature interactions and typically achieve high performance in

structured data tasks [13, 3, 53]. Overall, the combination of these models ensures robustness,

adaptability, and clinical relevance in supporting automated patient prioritization.

Table 2.1: Comparison of Algorithms

Algorithm Complexity Interpretability Modelling Computational Suitability
Non-Linear Relationships Demand to Problem

RF Moderate High Good Moderate Excellent

ANN Low (direct) Low High High Good

GBM High Moderate Very High Moderate Excellent

2.3.2 Binary vs. Multi-class Classification

In healthcare rationing context ML applications, classification tasks generally aim to discriminate

between outcomes, risk strata or priority levels [53]. Problem formulation dictates whether a

binary model (e.g., critical vs. non critical) or a multi-class model (e.g., no urgency, low, medium,

and high) is most appropriate [2].

Binary classification is common when decisions involve a clear dichotomy, such as disease

presence (e.g., sepsis detection [50]) or the need for immediate intervention in emergency triage

[14]. These models are simpler and often easier to interpret, but they may oversimplify nuanced
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clinical realities [2]. Multi-class classification better represents the clinical spectrum, e.g., graded

risk stratification for long-term outcomes [47]. However, multi-class models are more sensitive to

class imbalance and harder to evaluate or explain, especially when categories are ordinal [9, 44,

53].

Both paradigms struggle with: (i) severe class imbalance, particularly for rare yet critical

conditions [42]; (ii) interpretability, which declines as the number of classes grows [53]; and (iii)

label ambiguity, since boundaries between, say, “medium” and “high” urgency can be subjective

or context dependent [75, 35]. Explainability frameworks help mitigate these issues by providing

consistent feature attributions across classes [53].

2.3.3 Post-hoc Explainability

As ML models become increasingly complex, particularly in healthcare applications where deci-

sions can carry life or death consequences, the need for transparency becomes paramount. Post-

hoc explainability refers to methods that aim to interpret and explain the predictions after the

model is trained [5]. Unlike inherently interpretable models, post-hoc techniques are designed

to provide insights into black-box models such as deep neural networks or ensemble methods,

without altering their internal structure. Widely used techniques include, e.g., SHAP, Local Inter-

pretable Model-agnostic Explanations (LIME), SelectKBest, Feature Importance rankings which

help clinicians and decision makers understand why a model classified a patient into a specific

prioritization level.

SelectKBest improves interpretability by retaining only the most informative variables according

to statistical tests such as χ2, ANOVA F or mutual information [53, 8, 18]. By reducing

noise and dimensionality, it clarifies which attributes drive model performance[53].

Feature Importance scores quantify how often and how effectively each feature splits the data,

giving a global sense of influence across the forest [9].

SHAP translates cooperative game theory into ML interpretation, assigning each feature a Shap-

ley value that represents its marginal contribution to an individual prediction [53, 36]. This

guarantees local accuracy and consistency, making SHAP a preferred choice for high-stakes

contexts. In diabetes risk modelling with RF and in cardiovascular disease prediction, SHAP

highlighted biomarker importance and boosted clinician trust [36, 5]. For early Parkinson’s

detection, SHAP pinpointed key gene-expression signatures, further demonstrating its utility

in genomics [3]. Clinicians particularly value SHAP’s intuitive visualisations and transpar-

ent allocation of credit among features, which facilitates adoption of AI outputs in routine

workflows [36].

LIME is a model agnostic technique that approximates a complex model locally around a specific

prediction using a simpler, interpretable surrogate model, typically a sparse linear model

[64]. LIME perturbs the input data around the instance of interest and observes changes in
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the output to estimate feature influence in that local region. This approach makes it possi-

ble to explain individual predictions even for opaque classifiers such as gradient boosting

machines. In clinical contexts, LIME has been applied to explain cancer diagnoses, sepsis

risk estimations, and mortality predictions, increasing clinicians confidence in AI outputs

by offering transparent, localized rationales [72, 27].

2.3.4 Related Work

Recent research has addressed patient prioritisation from a variety of complementary angles, rang-

ing from ethical analyses to data driven decision support tools. Goddard et al. (2006) [19] laid an

early theoretical foundation by framing priority setting as an inherently political–economic pro-

cess, emphasising that rationing cannot be divorced from societal values and institutional power

structures. Building on this perspective, empirical surveys have mapped public and professional

preferences for rationing principles in multiple countries. For instance, Kasemsup et al. (2008)

[38] explored Thai citizens views, highlighting strong support for criteria such as severity, progno-

sis and ability to pay, whereas Pinho et al. (2020) and Pinho et al. (2022)[59, 58] documented how

Portuguese healthcare professionals often diverge from pure utilitarianism, favouring parenthood

and instrumental value in tie break scenarios.

With the advent of ML based decision support, explainability and fairness have become key

concerns. Amann et al. (2020) [5] surveyed multidisciplinary requirements for trustworthy AI in

clinical settings, concluding that transparent post-hoc explanations are indispensable for clinician

adoption. Rajkomar et al. (2019) [61] echoed these concerns, warning that black-box models may

erode accountability unless paired with rigorous validation and interpretability mechanisms.

Scarcity of real, balanced data remains a critical bottleneck. Hernández et al. (2022) [26]

provided a systematic review of synthetic data generators for tabular health records, identify-

ing copula based approaches as particularly promising for privacy preserving data augmentation.

Complementary work by Jutras Dubé et al. (2024) [32] introduced transferable Gaussian copula

models for population synthesis, while Kamthe & Assefa [37] (2023) proposed Copula Flows that

blend normalising flows with copula theory to capture complex dependencies in mixed type data.

Such advances underpin domain specific generators like CopulaGAN within the SDV framework,

recently benchmarked by Venugopal et al. [18] (2022) for tabular health applications. Empirical

evidence shows that augmenting scarce datasets with statistically faithful synthetic records can re-

duce class imbalance and improve downstream model performance without compromising patient

privacy [25, 2].

In parallel, intelligent systems have been developed for clinical prediction tasks such as dia-

betic disease forecasting [55] or risk estimation of pre term birth [53] that leverage ML and, in

some cases, incorporate visual explanation tools to foster clinician trust. However, these models

primarily aim to predict individual health outcomes based on clinical data, without addressing

broader normative concerns around fairness, triage or priority setting. A few studies have ex-

plicitly combined ethical criteria and ML. Nasimov et al. (2024) [48] demonstrated that GAN

generated tabular data can be conditioned on fairness constraints, yielding classifiers that respect
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differential privacy guarantees while maintaining accuracy. Sun et al. (2019) [70] applied vine

copula generators to produce realistic synthetic cohorts for imbalanced clinical tasks, illustrating

the benefit of copula driven resampling for minority classes. Nevertheless, none of these works

jointly model societal priorities and provide real time, explainable recommendations to clinicians.

2.4 Contributions

This work presents the development of OPTIMA Health Priority, an intelligent decision support

system designed to assist in patient prioritisation under conditions of healthcare scarcity. Rather

than relying solely on clinical correlates or expert crafted rules, it explicitly encodes public pref-

erences over ethically rationing criteria, ensuring that algorithmic recommendations align with

societal values and are transparently justifiable. OPTIMA Health Priority shifts the focus from

outcome prediction to value sensitive prioritisation. This work lies not only in the creation of a

functional system, but also in the integration of several key innovations. The main contributions

of the OPTIMA are summarised in Table 2.2, encompassing advancements in explainability, ML

predictions, synthetic data generation, user interaction, ethical values and the formalisation of ra-

tioning criteria that helps support clinical decisions. Each of these aspects reflects a deliberate

design choice aimed at improving transparency, fairness, and usability in clinical decision mak-

ing. The following table describes each contribution followed by detailed text explaining how the

OPTIMA system stands out.

Table 2.2: Comparative overview of related works and OPTIMA Health Priority contributions.
Work ML Prediction Explainability Ethical Alignment Interactive Interface Reproducibility & Transparency Synthetic Data Societal Value Alignment Clinical Decision Support

Rajkomar et al. (2019) [61] ✓ ✓ – – ✓ – – ✓

Amann et al. (2020) [5] – ✓ ✓ – ✓ – – –

Sun et al. (2019) [70] ✓ – – – – ✓ – ✓

Nasimov et al. (2024) [48] ✓ ✓ ✓ – – ✓ – –

Jutras Dubé et al. (2024) [32] – – – – ✓ ✓ – –

Venugopal et al. (2022) [18] – – – – ✓ ✓ – –

Panda et al. (2023) [55] ✓ – – – – – – ✓

Okay et al. (2023) [53] ✓ – – – – – – ✓

OPTIMA ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

OPTIMA Health Priority advances the state of the art in tree big pillars. First, it integrates a

large scale public survey on rationing preferences, ensures that algorithmic outputs reflect socially

endorsed ethical trade-offs, rather than opaque or arbitrary rules. Previous AI triage studies relied

mainly on expert opinion or ad hoc rule sets. Second, it employs a Gaussian copula generator

within the SDV ecosystem to produce balanced, privacy compliant synthetic data that faithfully

reproduces the joint distribution of survey responses. Third, it combines high performance classi-

fiers (XGBoost, RF, MLP) with explainability techniques such as Feature Importance and SHAP.

Thus, it ensures that model predictions are not only accurate but also interpretable, providing clear,

actionable insights. Furthermore, we provide an interactive interface where each prioritisation de-

cision is transparent, auditable and mapped directly to the nine rationing criteria identified in the

literature. In addition to these core innovations, OPTIMA Health Priority distinguishes itself by

directly supporting real time clinical decision making in high pressure, resource constrained en-

vironments. Unlike prior approaches that focus solely on outcome prediction or retrospective
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analysis, OPTIMA is designed to assist clinicians in active patient triage, providing immediate,

justifiable recommendations grounded in ethically salient criteria. This capacity enhances not

only efficiency but also the perceived legitimacy of prioritisation decisions among healthcare pro-

fessionals and patients. Finally, the modular architecture of OPTIMA enables flexible adaptation

to different clinical domains, making it a general purpose, value sensitive triage support system.

By uniting ethical reasoning, rigorous data science, and practical deployment tools, OPTIMA sets

a new benchmark for fairness aware, explainable AI in clinical decision support.

2.5 Summary

In summary, this literature review has established the conceptual, ethical, and technical foun-

dations necessary for developing a decision support system that is clinically relevant, ethically

defensible, and technically robust based on social values and perceptions. The persistent issue

of healthcare resource scarcity underscores the need for transparent and fair prioritisation mecha-

nisms. While theoretical frameworks have long debated ethical criteria such as prognosis, severity,

parenthood, quality of life or social merit their practical implementation remains challenging, par-

ticularly under conditions of uncertainty, data imbalance, and limited real data.[75, 6]

Synthetic data generation techniques, especially those based on statistically on SDV, models

like the Gaussian copula, have proven instrumental in addressing limitations of small or sensitive

datasets, ensuring privacy compliance while enabling representative learning [18, 70]. Simulta-

neously, the emergence of powerful ML models ranging from gradient boosted trees to neural

network has opened new possibilities for automating prioritisation tasks. However, these gains

in accuracy often come at the cost of interpretability, raising concerns about trust, accountability,

and clinician adoption [44, 13, 9]. To bridge this gap, the field of XAI has introduced tools such

as SHAP that help interpret model predictions and support human in the loop decision making

[53, 36, 43].

These limitations motivate the design of OPTIMA Health Priority, a novel framework with in-

teractive interface, that not only integrates public values into algorithmic triage, but also advances

the state of the art across explainability, transparency, decision support and user interaction. This

chapter details the current challenges in healthcare, the design, methodological foundations, re-

lated studies and the innovative contributions.



Chapter 3

Proposed Method

The increasing need for effective patient triage systems in healthcare, particularly those that prior-

itize patients based on critical clinical factors, motivates the development of advanced data driven

approaches that ensure both accuracy and interpretability [45, 57]. This research proposes a com-

prehensive framework that combines synthetic data generation with robust classification modelling

to support a priority based patient triage system.

This chapter presents the proposed method underlying the development of the OPTIMA Health

Priority system. The method integrates synthetic data generation, ML classification, and post-

hoc explainability within a unified, ethically guided framework. Each component is designed to

address specific challenges related to prioritising patients in contexts of healthcare scarcity, e.g.,

data limitations, transparency, fairness, and decision traceability. This chapter details the data

preparation process, the classification architecture, the explainability techniques applied, and the

implementation of the interactive triage application.

3.1 Synthetic Data Generation

Synthetic data generation is a fundamental step in our analysis process, enhancing the dataset to

support robust and reliable model development. This step involves creating synthetic data that

replicates the statistical characteristics of the real dataset, addressing issues such as class imbal-

ance or data scarcity [57, 41, 45].

The objective of 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 [54, 29, 39, 62]. 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 [41]. 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

17
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[33, 73]. Data analysis in the field of patient triage presents unique challenges, particularly due

to the limited size of available datasets. In this project, we began with an initial dataset of 3085

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 critical interre-

lationships. 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 [57, 33].

Mitigation of Overfitting. Models trained on small datasets often display overfitted patterns,

compromising their ability to generalize to new cases. Expanding the dataset introduces

greater diversity, promoting statistical robustness and reducing the probability of overfitting

[41, 45].

Support for Model Robustness. A larger synthetic dataset allows models to handle greater vari-

ability 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

[54, 62, 57, 39].

These three characteristics preserving relationships, mitigating overfitting, and enhancing ro-

bustness 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 [73, 45, 29].

3.1.1 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 synthetic data suitable

for ML models [37, 32]. The ability to accurately replicate the relationships between the vari-

ables, 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 relation-

ships and dependencies between variables [18, 48]. Using advanced probabilistic modelling and

ML techniques, SDV generates synthetic data that closely mirrors the original dataset’s properties

[48, 18, 78, 52].
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The proposed data generation approach offers several advantages crucial for healthcare triage

modelling. It automatically detects variable types, whether categorical, continuous, or mixed and

learns the relationships between them without manual intervention. This enables the preserva-

tion of intricate dependencies, such as, correlations between variables [52, 78]. Additionally, the

method efficiently scales to generate large volumes of synthetic data while maintaining statistical

diversity, ensuring representativeness across patient profiles [45, 57]. 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 prioritisation contexts [57, 41].

By leveraging SDV, ensures that the synthetic data remains statistically representative of the

original dataset while providing a scalable and adaptable solution for data augmentation in ML

applications [45, 41, 33]. 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).

2. Metadata Creation: The single table meta data object from the SDV framework was em-

ployed 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 [33].

3. Training the Synthesizer: Gaussian Copula model was chosen due to its robustness in

modelling complex dependencies between variables [52]. This model was trained on the

real dataset to learn the distributions and relationships between the features [41].

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 [48, 33, 78].

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.

3.1.2 Data Balancing

In ML, data balancing plays a crucial role in ensuring that models can generalize effectively across

all classes in a dataset [23]. Class imbalance, where one class significantly outweighs the others

in representation, is a common issue, particularly in healthcare datasets where specific outcomes

may be rare [66, 63]. Imbalanced datasets can lead to models that are biased toward the ma-

jority classes, resulting in poor performance when predicting minority class instances, a critical

limitation when dealing with sensitive decisions, such as patient triage prioritization [23, 39].

To address this issue in the context of this project, the data generation process explicitly con-

sidered class balancing. While real world data often reflects natural imbalances, incorporating
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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 [1, 23, 39].

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 perspec-

tives enable both coarse and fine grained prioritisation, 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 la-

belled 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 categorised as high priority. This classi-

fication schema enabled a more refined understanding of patient prioritisation, supporting

both coarse grained and fine grained decision modelling.

• Balanced Synthetic Data was done 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 1,929 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.
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3.2 Patient Prioritisation through Classification

Patient classification is a core component of ML in healthcare, providing the foundation for pre-

dictive models that support decision making processes, such as patient triage or treatment prioriti-

zation [23]. In this context, classification models are tasked with assigning outcomes to predefined

categories based on patterns in the data. The choice of algorithm and methodology is critical, as it

directly influences the accuracy, interpretability, and scalability of the solution [3].

Healthcare datasets often exhibit complexities such as imbalanced class distributions, non lin-

ear relationships between variables, and the need for interpretability due to the sensitive nature of

the decisions being modelled [66, 63]. These challenges require the use of robust classification al-

gorithms tailored to the specific requirements of the task [20, 39]. Below, we discuss three widely

used algorithms in classification tasks, their relevance to healthcare and their unique features.

3.2.1 Methods

Given the imbalance and complexity typical of healthcare data, careful attention was paid to pre-

processing, class distribution, and model selection. The chosen classifiers, were selected for their

complementary strengths in handling structured, high dimensional data and modelling non-linear

decision boundaries [44, 9, 13]. These models were trained and evaluated to identify the most

suitable approach for supporting clinical prioritisation with both predictive performance and inter-

pretability [3].

In this study, three ML models were selected to support patient prioritization, RF, XGBoost,

and MLP. These algorithms were chosen for their complementary strengths in handling structured,

heterogeneous, and often imbalanced healthcare data [44, 9, 13]. RF offers robustness to noise,

missing values, and overfitting, while providing transparent feature importance scores, making it

a dependable choice for clinical prediction tasks such as disease risk estimation and triage support

[9, 55]. XGBoost, a gradient boosting framework, is known for its high predictive accuracy, effi-

ciency, and capacity to model complex, non-linear feature interactions, a critical advantage in de-

cision making contexts, where subtle dependencies between clinical variables influence outcomes

[13, 3, 53]. MLP, as a type of ANN, is particularly suited to learning intricate and hierarchical re-

lationships in data. It has shown excellent performance across diverse medical domains, including

genomics, imaging, and patient stratification [44, 2, 25]. Together, these models provide a bal-

ance between predictive power, interpretability, and generalizability, supporting the development

of ethical and transparent decision support systems for patient triage [36, 5].

3.2.2 Selection of Relevant Variables

Identifying and selecting relevant variables is an essential step in developing data driven classifica-

tion systems, especially in the context of medical applications [12, 24]. In scenarios such as patient

triage, not all variables have equal importance in the decision making process [67, 58]. Critical

variables, such as priority symptoms or high risk indicators, should be given greater weight, while
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less relevant variables can be discarded to increase model efficiency and interpretability [24]. In

this project, complementary approaches were implemented to select and weight variables, com-

bining ML methods and statistical techniques. The following steps describe the approach used.

Feature Importance identify the most influential variables, improving model transparency [9].

Assign higher weights to critical features in a weighted scoring system for patient triage.

Reduce noise and computational complexity by removing less relevant variables [40]. To

achieve this, multiple ML models, including XGBoost, MLP, and RF, were trained using

the dataset. The feature importance scores were extracted from each model and normalized

to ensure comparability. In the XGBoost model, feature importances were obtained using

the model’s built-in importance metric, allowing to assign weights that directly reflect the

impact of each feature on predictions [13, 3, 53, 40]. Variables with higher importance

had greater influence on the score, ensuring that the most critical factors were prioritized

in the decision-making process [53, 9, 18, 8]. The final weights derived from these feature

importance analysis were integrated into the patient prioritization framework, ensuring that

the most critical clinical factors had the strongest influence on the final classification. This

approach not only improved predictive accuracy but also made the decision making process

more transparent and interpretable [24, 40, 12].

This system enables the automatic classification of patients, prioritizing those in more severe

conditions and assisting decision making in high pressure environments such as medical emergen-

cies [12].

3.3 Explainability

In order to provide interpretable and transparent predictions for patient prioritization, the SHAP

method was chosen to explain the output of the ML models. SHAP offers a consistent, theoret-

ically grounded framework based on game theory that fairly attributes the contribution of each

feature to the final prediction [5]. This allows end users, such as clinicians or healthcare adminis-

trators, to understand the reasoning behind the model’s decision, increasing trust and acceptance

of the automated prioritization system [2, 47].

Unlike other explanation techniques such as LIME, SHAP provides global consistency and

local accuracy, ensuring that feature importance is reliably estimated across different predictions

and consistent with the underlying model. Additionally, SHAP values naturally sum to the model

output, enabling straightforward quantitative interpretation of each feature’s impact [3, 53].

In the implementation, SHAP values are computed for each input patient record when a pre-

diction is generated through the web application. These values are normalized and categorized

dynamically into qualitative impact levels (e.g., very low to very high impact), making the expla-

nations more intuitive. This is complemented by a visualization showing the relative contribution

of the most influential factors, facilitating quick and clear understanding by users. By integrating

SHAP explanations directly into the OPTIMA Healthcare user interface, users receive both the
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predicted priority class and a detailed, human readable rationale highlighting the key clinical fac-

tors driving the decision. The implementation was integrated into a Flask-based web application

that allows real time classification and explanation of individual patient cases. Upon receiving

user input through a form interface, the model predicts a priority level (ranging from 0 to 3 for the

multi-class scenario), and SHAP is used to compute the contribution of each input feature to the

predicted class.

The shap.Explainer object was initialized using the trained ML models. For each input case,

SHAP values were computed and extracted specifically for the predicted class label, producing

a vector of per-feature contributions. These values were then converted to absolute values, nor-

malized into percentages, and ranked to determine the most influential decision factors for that

particular prediction [36, 5]. To improve user comprehension, each feature was associated with

a human readable explanation (e.g., “Pain level experienced by the patient” or “Waiting time for

treatment”). The relative SHAP impact of each feature was categorized into qualitative levels,

from very low impact to very high impact, using a dynamic thresholding method based on the dis-

tribution of SHAP percentages across all features in the instance. This categorization was printed

in the log system and used to generate narrative feedback.

In the frontend, two types of SHAP explanations were provided: (i) standardized textual expla-

nations that changed based on the predicted priority level (e.g., Low, Medium-Low, Medium-High,

High), highlighting the top contributing factor and its level of impact; and (ii) detailed contextual

explanation summarizing the top three influential features with their associated impact level and

natural language descriptions, along with general guidance about how the triage decision was

made. By combining quantitative SHAP values, qualitative impact categories, standardized nar-

rative outputs, and visual explanations, this implementation ensured that each prediction was not

only accurate but also explainable.

3.4 Evaluation

The evaluation methodology used to assess the effectiveness of the proposed approach encom-

passes two key dimensions: (i) the quality of the synthetic data; and (ii) the performance of the ML

classification models. For synthetic data generation, the evaluation focuses on statistical fidelity,

structural similarity, and the preservation of relevant distributions when compared to real-world

datasets [68, 60]. For classification, the methodology involves measuring predictive performance

through standard metrics such as accuracy, precision, recall, and F-measure, while also examin-

ing the interpretability and ethical transparency of the prioritisation outputs [33, 68, 31]. Together,

these evaluations aim to validate the reliability, realism, and practical applicability of the OPTIMA

Health Priority system in supporting healthcare triage decisions [33].

3.4.1 Synthetic Data Generation

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 [79].
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To evaluate the similarity between real and synthetic datasets, a comprehensive set of descrip-

tive statistical metrics was computed. These included mean, median, standard deviation, quartiles,

kurtosis, and skewness [68, 33, 62]. Together, these measures allow to assess the central ten-

dency, dispersion, distribution symmetry, and the presence of outliers, ensuring that the synthetic

data faithfully reflects the statistical properties of the original dataset [30, 31]. The evaluation of

these metrics is not only a validation step but also an integral part of the synthetic data generation

process. By comparing the distributions of real and synthetic data, researchers ensure that the

synthetic data is representative and does not introduce biases or unrealistic patterns [30, 33, 62].

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 con-

sistency [79, 56]. 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 discrep-

ancies 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 [79, 33, 8]. This iterative refinement ensures that ML models trained on synthetic

data not only achieve high performance but also generalize effectively to real world scenarios

[79, 33, 56, 8].

3.4.2 Patient Prioritisation through Classification

The evaluation of data classification models is a key step in assessing their performance and relia-

bility, particularly when the models are deployed in critical applications such as healthcare triage

systems [68, 30]. This section focuses on the metrics used to evaluate classification performance,

interpret the results, and ensure that the model aligns with the objectives of accurate and balanced

predictions.

Accuracy measures the proportion of correctly classified instances out of the total instances. It is

a straightforward metric that provides an overall view of model performance [68, 33, 31].
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Precision analyses the proportion of true positive predictions out of all positive predictions. Pre-

cision is crucial when false positives need to be minimised [68, 33, 31].

Recall analyses the proportion of true positives out of all actual positives. Recall is critical when

false negatives are costly [68, 33, 31].

F1-Mesure combines precision and recall, providing a balanced measure [68, 31].

This multi metric approach ensures a holistic evaluation of the classification model, enabling

improvements and adjustments tailored to the specific requirements of the application, such as

prioritizing high risk patients in a healthcare setting [68].

3.5 Graphical User Interface

To make the model accessible and interpretable to non technical users, a web based Graphical User

Interface (GUI) was developed using the Flask framework [76]. The application allows users to

input their evaluations for each decision criterion ranging from 1 (least agreement/importance) to

5 (strongest agreement/importance) based on their perception of a patient’s condition or context.

These inputs are processed by a pre trained ML model, which returns a priority classification for

the patient, ranging from Low Priority to High Priority, each visually represented by a correspond-

ing colour (green, yellow, orange, red) for intuitive understanding.

Beyond simple prediction, the interface integrates SHAP to provide interpretable explanations

tailored to each specific prediction [76]. The system dynamically computes SHAP values for the

predicted class, quantifies each feature’s relative contribution, and categorizes them from "very

low impact" to "very high impact" (in case of multi-class scenario) based on adaptive thresholds

derived from the input instance. This information is then used to generate a standard explanation

based on the predicted class and most influential feature. In case more detail is needed, a button

was designed outlining the decision rationale, key influencing factors, and contextual remarks.

3.6 Dataset

The study relies on a purpose built dataset that captures a wide range of factors relevant to hu-

man 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 3085 Por-

tuguese participants. Recruitment sought maximum heterogeneity: roughly 39 % were university

students from multiple disciplines, while the remainder were adults reached via assorted public

space approaches. Respondents averaged 36 years of age, the sample was 61.1 % female and 38.1

% male.

The dataset encompasses data from 20 hypothetical rationing decision questions, each con-

trasting 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 differ-

ential scale as depicted in Table 3.1.
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The questionnaire design was based on previous work on healthcare rationing preferences

and ethical decision making criteria, which employed 23 hypothetical scenarios [38, 59, 58]. In

contrast, the present study streamlined the approach by using 20 carefully selected scenarios, each

corresponding directly to one feature used in the model. Furthermore, while previous studies

focused primarily on healthcare professionals as respondents, this work deliberately targeted lay

citizens, aiming to capture public perspectives on medical prioritization.

Table 3.1: Five point preference scale
1 2 3 4 5

Definitely prioritise A Some preference for A No preference Some preference for B Definitely prioritise B

Following Pinho & Araújo (2022), the six overarching rationing principles were disaggregated

into nine specific criteria [58]:

• (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 pa-

tient and signals a direct need for immediate intervention. Immediate risk of death known

as the Rule of Rescue, this sub-criterion prioritizes patients whose lives are in imminent

danger, regardless of other circumstances.

• (iii–iv) Health maximisation: 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) Merit Negative (risk taking lifestyle): considers whether the patient’s condition re-

sulted from voluntary risky behaviors (e.g., excessive alcohol, smoking, drug use). This

criterion raises ethical debates around personal responsibility.

• (ix) Fair chance (equity of access): operationalized through waiting time, it embodies the

idea that everyone deserves a fair opportunity to receive treatment, regardless of clinical or

social characteristics.
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Table 3.2 lists the twenty decisions and maps to the corresponding criterion. In the raw

file, each scenario response is stored in variables DECISION1 (DEC1), DECISION2 (DEC2),

DECISION3 (DEC3), DECISION4 (DEC4), DECISION5 (DEC5), DECISION6 (DEC6), DE-

CISION7 (DEC7), DECISION8 (DEC8), DECISION9 (DEC9), DECISION10 (DEC10), DE-

CISION11 (DEC11), DECISION12 (DEC12), DECISION13 (DEC13), DECISION14 (DEC14),

DECISION15 (DEC15), DECISION16 (DEC16), DECISION17 (DEC17), DECISION18 (DEC18),

DECISION19 (DEC19), DECISION20 (DEC20) facilitating analysis of decision patterns (e.g., in-

tuitive vs. deliberative choices). Additional columns record composite value orientations, confor-

mity, benevolence, hedonism, openness to change, self-enhancement, supporting cluster analysis

of participant profiles and group trends.

Table 3.2: 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 Merit: 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: Waiting time
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 Merit: Negative
17 25 years old 10 years old Age
18 Average citizen Scientist who discovered cures Merit: Instrumental value
19 10 years old Newborn Age
20 Married, no children Married, three school-age children Social need: Parenthood

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 analysing 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. 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.
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3.7 Summary

This chapter presented the methodological framework developed to tackle patient prioritisation in

resource constrained healthcare contexts. It began with the construction of a dataset based on a

questionnaire designed to capture ethical preferences across key decision making criteria. These

variables reflect diverse moral perspectives and serve as the foundation for the triage model.

To enhance robustness, synthetic data generation techniques were applied, followed by data

balancing to address class imbalances [23]. Several ML classifiers were applied to identify the

most effective for predicting triage outcomes such as RF, XGBoost and MLP, while feature se-

lection methods helped isolate the most relevant variables, improving both performance and in-

terpretability [12]. SHAP based explainability was integrated to ensure transparency in model

decisions [53].

Evaluation metrics guided rigorous model assessment, and a GUI was developed to allow

real time interaction with the system. Users can input patient profiles and receive not only triage

classifications but also personalised explanations supported by visualisations of feature influence.

Together, these components form a coherent and interpretable pipeline that supports ethical, data

driven decision making in healthcare triage.



Chapter 4

Experiments and Results

The experiments and results outlined in this chapter aim to validate the proposed methodology and

evaluate its ability to address the research questions surrounding intelligent patient triage. Through

the use of real and synthetic datasets, advanced feature selection methods, and interpretable ML

models, this chapter illustrates how patient classification can be optimized to prioritize critical

cases while maintaining a transparent and actionable decision making process. The analysis relies

on quantitative metrics, evaluations of data distribution, visualizations, and tools for interpretabil-

ity, offering a thorough understanding of the system’s performance. This approach ensures that the

methodology meets the practical demands of healthcare systems, where timely and well informed

decisions are critical for improving patient outcomes.

4.1 Synthetic Data Generation Results

The original dataset consisted of 3,085 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 2,800

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 classifi-

cation 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 1,929 instances (scores ranging from 3.5 to 4.49), and class 3

comprised 363 instances (scores greater than or equal to 4.5).

To support the development of robust and generalizable ML models, synthetic data was gener-

ated to expand the training dataset, mitigate overfitting, and address the imbalance 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.

29
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4.1.1 Binary scenario

Imbalanced Synthetic Data. This approach aims to explore the model’s ability to generate a

large volume of synthetic data from the available real dataset, even while maintaining the

original class imbalance. At this initial stage, no artificial balancing technique was applied,

the focus was on evaluating how well the synthetic data generator could replicate the statisti-

cal structure of the real data, despite its inherent bias. The entire original dataset, consisting

of 3,085 cases, was used for this purpose. It distinguished between two levels of priority

only, low priority and high priority. Based on this dataset, the Gaussian Copula model from

the SDV library was trained to learn the marginal distributions and dependencies between

variables. Subsequently, 100,000 new synthetic instances were generated, preserving the

original class proportions. This preliminary experiment was conducted solely for the binary

classification scenario, as it served an exploratory role while the overall synthetic data strat-

egy was still under evaluation. Since this unbalanced approach was not ultimately chosen

for the final modeling pipeline, it was not extended to the multi-class setting, where more

refined balancing strategies were later applied.

Data Distribution Although the dataset contains 103 variables, a full-scale comparison of

all features would be neither practical nor necessary for assessing the overall quality of

the synthetic data. Therefore, a subset of representative variables was selected based

on their relevance to the predictive modeling task and their importance in describ-

ing the population. This included demographic attributes such as age, gender, marital

status, education level and employment status which reflect the general structure and

diversity of the dataset, as well as a few of the key decision related variables (e.g.,

DEC1, DEC2, DEC3, DEC4, and DEC5), which are directly used in the construction

of the ML models. These variables were chosen to ensure that both the descriptive and

predictive dimensions of the data were adequately preserved in the synthetic samples.

By focusing the distributional analysis on this carefully selected subset, it is possi-

ble to evaluate whether the synthetic data maintains the essential statistical properties

of the original dataset, while avoiding unnecessary redundancy or overfitting to less

informative features.

Table 4.1 compares the real and synthetic data distribution regarding the variables used

for binary classification.
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Table 4.1: Comparison of Real and Synthetic Data

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

Mean 36.43 36.36 0.6266 0.6293 1.7295 1.7292 4.773 4.7706 2.2665 2.2664
Median 31 32 1.0 1.0 2.0 2.0 4.0 4.0 2.0 2.0
STD 17.66 17.77 0.4990 0.4996 0.8468 0.8449 1.5920 1.5881 1.4134 1.4104
Q1 20 21 0.0 0.0 1.0 0.0 4.0 4.0 1.0 1.0
Q3 50 49 1.0 1.0 2.0 2.0 6.0 6.0 3.0 3.0
Range 74 62 2.0 2.0 4.0 4.0 8.0 8.0 5.0 5.0
Kurtosis -0.66 -0.77 -1.4320 -1.3973 2.1714 2.0752 0.1740 0.1720 -0.3204 -0.3060
Skewness 0.70 0.63 -0.3429 -0.3378 1.3742 1.3541 0.00 0.00 0.7859 0.7858

How can you check by the 4.1 the comparative analysis between real and synthetic

data across all variables reveals a high level of fidelity in the replication of statisti-

cal properties. The synthetic dataset closely mirrors the original in terms of central

tendency (means and medians), dispersion (standard deviation, quartiles, and range),

and higher order distributional metrics such as skewness and kurtosis. This alignment

is consistent across categorical variables like gender, marital status, education level,

and employment status, as well as continuous such as age. In practice, this means

that the generative process did not introduce distortions in class proportions, value dis-

tributions, or tails of the variables, preserving both balance and diversity within the

data.

The similarity observed is not limited to averages but extends to the overall shape

and structure of the distributions. Quartiles and ranges, are reproduced with highly

precision, ensuring that both common and less frequent values are adequately repre-

sented. The preservation of skewness and kurtosis is equally important, as it indicates

that asymmetries and tail behaviours of the original data were successfully captured.

Such replication suggests that the synthetic model effectively learned its underlying

statistical patterns.

This robustness across different types of variables is particularly relevant for down-

stream applications. Models trained on the synthetic data are expected to encounter

input distributions that are nearly indistinguishable from those in the real dataset, min-

imising risks of bias or reduced performance. Moreover, the consistency of replication

across sociodemographic dimensions demonstrates that the synthetic data generator

can handle both categorical and continuous variables with the same level of accuracy.

Table 4.2 presents a detailed comparison between the real and synthetic data for the

five decision related variables (DEC1 to DEC5). These variables are key inputs for

building the ML models, as they represent the main decision categories evaluated.
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Table 4.2: Comparison of Real and Synthetic Data for Decisions Variables

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

Mean 4.1588 4.1461 4.2562 4.2470 3.8629 3.8593 3.7610 3.7597 3.4596 3.4525
Median 4.0 4.0 5.0 5.0 4.0 4.0 4.0 4.0 3.0 3.0
STD 0.9784 0.9896 0.9863 0.9932 0.9413 0.9422 0.9870 0.9875 0.9277 0.9319
Q1 4.0 4.0 4.0 4.0 3.0 3.0 3.0 3.0 3.0 3.0
Q3 5.0 5.0 5.0 5.0 5.0 5.0 5.0 5.0 4.0 4.0
Range 4.0 4.0 4.0 4.0 4.0 4.0 4.0 4.0 4.0 4.0
Kurtosis 1.9907 1.8935 2.1314 1.9717 0.3158 0.3461 -0.0858 -0.0864 0.2381 0.2120
Skewness -1.4175 -1.4013 -1.5285 -14946 -06389 -0.6504 -0.4800 -0.4795 -0.1929 -0.1962

The comparison of the five decision variables (DEC1 to DEC5) between real and syn-

thetic datasets reveals a consistent and robust alignment across all statistical measures.

Central tendencies are preserved with high precision, as means and medians remain

virtually identical in both datasets. Dispersion indicators, including standard devia-

tion, quartiles, and range, confirm that the variability and spread of decision scores

were faithfully reproduced by the generative model.

For DEC1 and DEC2, the presence of strong negative skewness and moderately ele-

vated kurtosis values highlights the natural clustering of responses toward the higher

end of the decision scale. The synthetic data successfully replicates this behaviour.

DEC3, DEC4, and DEC5 exhibit more balanced distributions, the synthetic dataset

captures these patterns without distortion, maintaining fidelity across different deci-

sion constructs.Taken together, these results indicate that the synthetic generator not

only replicated average values but also captured the deeper structural characteristics of

the decision variables.

The statistical comparison between real and synthetic variables indicates that the syn-

thetic dataset successfully captures the main characteristics of the original data. The

generated data accurately reflects the real data in terms of distribution, central tendency

(mean, median), dispersion (standard deviation), and shape metrics such as skewness

and kurtosis. These results reinforce the validity of the synthetic data for downstream

ML tasks, as it preserves the structural integrity and statistical properties essential for

accurate modeling.

Data Balancing After synthetic data generation, the dataset contained 2,074 instances for

class 0 and 101,001 instances for class 1. This decision was made with an exploratory

purpose, to assess whether simply increasing the volume of data without directly modi-

fying class proportions could enhance the generalization capacity of predictive models.

The analysis of the synthetic data confirmed that the generator successfully replicated

the statistical relationships between variables, preserving the logical consistency and

semantic integrity of the records. However, despite this internal coherence, the class

distribution remained highly imbalanced, as reflected in the disproportionate number
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of samples between classes. This persistent imbalance illustrates a key limitation of

relying solely on data expansion without incorporating balancing strategies, especially

in scenarios where model performance is sensitive to class proportions.

Balanced Synthetic Data. In the second approach, the primary objective was to address the sig-

nificant class imbalance present in the original dataset and assess how a more balanced data

distribution could enhance the performance and generalization ability of the ML models.

Rather than generating a large volume of synthetic data immediately, a two-step strategy

was adopted to carefully control the balance between classes throughout the synthetic data

generation process. Initially, a targeted generation of synthetic samples was performed to

equalize the number of cases between the two classes. While the original dataset contained

2,800 instances in class 1 (high priority), class 0 (low priority) was severely underrepre-

sented, with only 275 instances. To correct this imbalance, 2,525 synthetic samples were

generated exclusively for class 0, bringing both classes to the same total of 2,800 cases. This

initial balancing step ensured that the generative model would be trained on a more repre-

sentative and evenly distributed dataset, helping to reduce bias during training. After the

balanced classes, 100,000 synthetic data were generated based on this new CSV. Given that

this approach was not ultimately selected for the final modeling pipeline, particularly due

to limitations in maintaining class balance throughout the synthesis process, it was not ex-

tended to the multi-class scenario. Instead, more targeted and effective balancing strategies

were subsequently designed and implemented for the multi-class configuration.

Data Distribution of the same selected variables previously examined in the imbalance

synthetic data approach was done comparing their real and synthetic values. The com-

parison is based on essential again using statistical metrics such as mean, median,

standard deviation, quartiles (Q1 and Q3), range, kurtosis, and skewness. This al-

lows to evaluate how well the synthetic data replicates the underlying distributional

characteristics of the real dataset for the binary case.

Table 4.3 presents a comparison between the real and synthetic data distributions for

each variable in the binary case, based on the balanced synthetic dataset. The table

summarizes key statistical metrics to assess how well the synthetic data preserves the

characteristics of the original dataset.
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Table 4.3: Comparison of Real and Synthetic Data of all variables for the balanced data approach.

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

Mean 39.2175 41.3171 0.6141 0.6151 1.7319 1.7268 4.7865 47840 2.2501 2.2510
Median 34.0 36.0 1.0 1.0 2.0 2.0 4.0 4.0 2.0 2.0
STD 19.2971 19.2952 0.5070 0.5086 0.8348 0.8274 1.6324 1.6319 1.4159 1.4177
Q1 22.0 24.0 0.0 0.0 1.0 0.0 4.0 4.0 1.0 1.0
Q3 52.0 55.0 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 -0.5063 -0.5196 -13904 -1.3570 2.3602 2.3480 0.0761 0.0722 -0.3631 -0.3631
Skewness 0.7488 0.7376 -0.2379 -0.2223 1.3918 1.4014 -0.0516 -0.0562 0.7927 0.7946

Table 4.3 presents the distribution results indicate a very close preservation of the

overall statistical structure, although some differences are slightly more noticeable

than in the imbalanced synthetic data approach.

For age, the means (39.2 vs. 41.3) and medians (34 vs. 36) suggest a slight shift toward

higher values in the synthetic dataset, while standard deviation, quartiles, and range re-

main nearly identical. In gender and marital status, the metrics are highly consistent,

with only marginal variations in skewness and kurtosis. Education level and Employ-

ment status shows almost perfect alignment in mean and dispersion, confirming that

the synthetic data accurately mirrors the categorical structure.

Overall, the model effectively replicated the distributional properties of the original

data, maintaining consistency in both central tendency and variability. The minor de-

viations observed, such as the upward shift in age, do not compromise the reliability

of the synthetic dataset and can be considered acceptable as they preserve natural vari-

ability.

Table 4.4 presents the comparison between the real and synthetic distributions of the

five decision related variables: DEC1 through DEC5. These variables represent key

behavioral or evaluative responses, and preserving their statistical structure is essential

for downstream modeling tasks such as classification or prediction.

Table 4.4: Comparison of Real and Synthetic Data for Decision Variables (DEC1–DEC5)

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

Mean 3.7178 3.7170 3.6630 3.6665 3.4570 3.4507 3.3451 3.3426 3.1826 3.1862
Median 4.0 4.0 4.0 4.0 4.0 4.0 4.0 4.0 3.0 3.0
STD 1.2453 1.2474 1.3515 1.3514 1.2047 1.2140 1.2988 1.3017 1.1394 1.1347
Q1 3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0
Q3 5.0 5.0 5.0 5.0 4.0 4.0 4.0 4.0 4.0 4.0
Range 5.0 5.0 5.0 5.0 5.0 5.0 5.0 5.0 5.0 5.0
Kurtosis 0.7064 0.6809 0.0965 0.1358 0.4623 0.422 -02229 -02240 0.1688 0.1980
Skewness -1.0838 -1.0781 -09272 -09416 -0.9074 -0.8976 -0.6681 -0.6676 -0.5393 -0.5517
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The synthetic data demonstrates a remarkably close alignment with the real data across

all five decision variables. Central tendency indicators (mean and median) are nearly

identical in each case, and standard deviations show minimal variation, indicating that

the spread and variability of the responses were successfully reproduced.

Quartiles and ranges remain consistent across real and synthetic datasets, reflecting the

same boundaries and concentration of values. Furthermore, the kurtosis and skewness

metrics reveal that the overall distribution shapes, including tails and asymmetry, are

closely matched, particularly for DEC1 and DEC2, which exhibit moderately nega-

tive skewness. This consistency suggests that the synthetic data generation process

effectively maintained the structure of subjective decision making variables, which is

crucial for maintaining validity in models reliant on these features.

Overall, the synthetic data generated by the SDV framework shows an excellent match

with the real data across all analyzed variables. This strong alignment between the real

and synthetic datasets ensures that the model can learn the intricate relationships and

dependencies that exist in the original data, making the synthetic dataset a reliable tool

for further analysis and training in the context of patient triage.

Data Balancing The main idea in this approach, applied to the binary case, was to first

balance the real dataset by ensuring that both classes had an equal number of cases.

Then, based on this balanced sample, a large number of synthetic cases would be

generated while maintaining class equilibrium. This correction eliminated the initial

imbalance, resulting in a balanced dataset of 5,600 instances as the foundation for

synthetic data generation. Subsequently, 100,000 synthetic records were generated,

preserving the balanced class proportions throughout the output.

However, upon evaluating the final dataset, comprising a total of 105,600 cases, it

became evident that the intended balance was not maintained throughout the full gen-

eration process. The final distribution revealed a significant resurgence of class imbal-

ance, with class 0 comprising 20,710 instances and class 1 comprising 84,881 closely

resembling the original disproportions. This outcome highlights a critical limitation

of the generative model, although the input to the synthesizer was balanced, the un-

derlying statistical patterns learned from the original, imbalanced data appear to have

influenced the output distribution. While the generated dataset remained logically co-

herent and statistically plausible, it failed to preserve the balance between classes, a

key factor in achieving optimal performance in classification tasks.

Refined Synthetic Data. The final approach focused on precisely addressing the inherent class

imbalance by controlling the number of synthetic instances generated per class. Unlike pre-

vious 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 strategy,
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determining the exact number of synthetic cases needed for each class so that, when com-

bined 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 ex-

plicitly 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 en-

sure 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 4.5 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 4.5: Comparison of Real and Synthetic Data of all variables for the refined synthetic data .

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

Mean 36.4315 38.0496 0.6266 0.6020 1.7295 1.7290 4.7735 4.7772 2.2663 2.2544
Median 31.0 35.0 1.0 1.0 2.0 2.0 4.0 4.0 2.0 2.0
STD 17.6565 19.3095 0.4990 0.5108 0.8468 0.8437 1.5922 1.6312 1.4136 1.4081
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 -0.6564 -0.6305 -1.4320 -1.3999 2.1714 2.2708 0.1734 0.0781 -0.3203 -0.3561
Skewness 0.7027 0.7129 -0.3429 -0.1759 1.3742 1.3957 -0.0002 -0.0615 0.7863 0.7837

Table 4.5 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 variabil-

ity that strengthens the dataset’s robustness. For instance, the age distribution in the

synthetic data, although slightly shifted towards older individuals, broadens the vari-

ability without distorting the overall population profile. This is particularly valuable

as it ensures representation of wider patient scenarios, enriching model generalisation.
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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 align-

ment, proving that categorical structures are reliably replicated. The minor differ-

ences observed they reduce the risk of overfitting to narrow real world patterns, while

preserving the realism 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 character-

istics of the original data while enhancing balance and diversity.

Table 4.6 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 the original data, results in balanced class representation across the

target variable while maintaining distributional characteristics of the predictors.

Table 4.6: Comparison of Real and Synthetic Data for Decision Variables (DEC1–DEC5)

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

Mean 4.1588 3.8476 4.2562 3.6021 3.8629 3.4027 3.7610 3.2866 3.4596 3.1494
Median 4.0 4.0 5.0 4.0 4.0 4.0 4.0 4.0 3.0 3.0
STD 0.9784 1.2910 0.9863 1.3688 0.9413 1.2377 0.9870 1.3248 0.9277 1.1565
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 1.9907 0.5657 2.1314 -0.0253 0.3158 0.3106 -0.0858 -0.2702 0.2381 0.1164
Skewness -1.4175 -1.0524 -1.5285 -0.8699 -0.6389 -0.8836 -0.4800 -0.6627 -0.1929 -0.5386

The statistical comparison across the five decision variables indicates that the synthetic

data captures key distributional characteristics present in the real dataset. For all vari-

ables, 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 rep-

resentation 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
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(275 in class 0 and 2,800 in class 1). Based on this, the appropriate number of syn-

thetic 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 in-

stances, resulting in a perfectly balanced final dataset. This equal class distribution

provides a solid foundation for developing classification models, enabling the algo-

rithm to learn how to predict patient priority levels without being affected by the struc-

tural bias present in the original dataset. In addition to improving class balance, this

controlled generation ensured that each synthetic record adhered to the learned statisti-

cal 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 artifacts.

4.1.2 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 configura-

tion. 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 pri-

ority, priority, and high priority. The synthetic data was carefully generated to ensure

equal representation across these categories, with each class totaling 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 syn-

thetic 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.



4.1 Synthetic Data Generation Results 39

Table 4.7 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 4.7: Comparison of Real and Synthetic Data of all variables for the Refined Synthetic Data.

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

Mean 36.4315 37.1235 0.6266 0.6100 1.7295 1.7304 4.7735 4.7751 2.2663 2.2875
Median 31.0 32.0 1.0 1.0 2.0 2.0 4.0 4.0 2.0 2.0
STD 17.6565 15.5671 0.4990 0.5041 0.8468 0.8183 1.5922 1.60641 1.4136 1.4331
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 -0.6564 0.4693 -1.4320 -1.4642 2.1714 2.2775 0.1734 0.14055 -0.3203 -0.4516
Skewness 0.7027 1.0379 -0.3429 -0.2601 1.3742 1.3398 -0.0002 -0.0470 0.7863 0.7593

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 generalisation. Overall, this re-

fined approach ensures both realism and controlled heterogeneity, making it especially

suited for robust multi-class modelling.

Table 4.8 presents a comparative summary of the statistical distribution of five deci-

sion 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 modeling and interpretation.
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Table 4.8: Comparison of Real and Synthetic Data for Decision Variables (DEC1–DEC5)

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

Mean 4.1588 3.7276 4.2562 3.7772 3.8629 3.5350 3.7610 3.3914 3.4596 3.1472
Median 4.0 4.0 5.0 4.0 4.0 4.0 4.0 4.0 3.0 3.0
STD 0.9784 1.6854 0.9863 1.6561 0.9413 1.6196 0.9870 1.6444 0.9277 1.4640
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 1.9907 -0.3296 2.1314 -0.4404 0.3158 -0.5962 -0.0858 -0.8188 0.2381 -0.4666
Skewness -1.4175 -0.9887 -1.5285 -0.9241 -0.6389 -0.7580 -0.4800 -0.6306 -0.1929 -0.5647

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 are generally consistent, with DEC1 and DEC2 showing slightly higher cen-

tral 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 repre-

sentation 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 modeling, 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
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patterns remained within realistic and medically plausible boundaries. By applying

this refined and controlled synthesis approach, the resulting multi-class dataset pro-

vides a robust and fair foundation for machine learning applications, enhancing the

model’s ability to learn from all classes equally and generalize effectively across dif-

ferent 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.

4.2 Classification Results

This section presents the classification outcomes obtained throughout the development and eval-

uation of different synthetic data generation strategies. The primary goal was to ensure that the

synthetic datasets not only preserved the statistical characteristics of the original data but also

enhanced model learning by addressing critical class imbalances.

Given the healthcare context in which this study is framed specifically, the application of ML

to support patient triage achieving both accuracy and fairness across classes is essential. The

experiments included multiple data synthesis approaches, progressively refining the balance and

representativity of the generated data. Each scenario was evaluated using a range of classification

algorithms and performance metrics, with a focus on their ability to generalize across both majority

and minority classes. The results outlined in the following subsections provide a comparative

analysis of model performance in each scenario, culminating in the identification of the most

effective approach for deployment in a real world clinical setting.

4.2.1 Binary Scenario

Performance To assess the quality of synthetic data and its utility in predictive modeling, we ap-

plied a suite of classification algorithms including RF, XGBoost, and MLP, across different

data generation strategies. Each model was trained and tested on datasets constructed from

distinct approaches to balancing and synthesizing the data. The performance analysis con-

sidered multiple evaluation dimensions, accuracy, class specific recall, and the importance

of features used for decision making.

– Imbalanced Synthetic Data. Table 4.9 presents the classification results obtained

using the initial synthetic dataset, generated without prior class balancing. The mod-

els evaluated include RF, XGBoost, and MLP, with key performance metrics such as

overall accuracy, recall per class, and macro-average F1-score reported to provide a

balanced view of each model’s generalization capacity across both majority and mi-

nority classes. The imbalanced synthetic data, which relied on synthetic data generated
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without prior class rebalancing, revealed critical weaknesses in recall for the minority

class, despite high accuracy.

Table 4.9: Classification Performance - Imbalanced Synthetic Data

Model Accuracy Precision Recall F1-Score
#0 #1 #0 #1 Macro

RF 0.9923 1.00 0.99 0.19 1.00 0.66
XGBoost 1.0000 1.00 1.00 0.62 1.00 0.88
MLP 0.9923 0.60 0.99 0.31 1.00 0.70

While all models achieved high overall test accuracy above 99% the results reveal a

consistent difficulty in correctly identifying instances of class 0 (the minority class

- low priority pacients). The RF model exhibited particularly low recall for class 0

(0.19), indicating poor sensitivity and a strong bias toward the majority class. Al-

though XGBoost demonstrated better performance in this regard, achieving a class 0

recall of 0.62 and the highest F1-score (0.88), the imbalance still impacted fair classi-

fication. The MLP achieved moderate improvement with a class 0 recall of 0.31, but

still fell short of acceptable levels for sensitive applications such as patient triage.

These outcomes underscore the limitations of this initial synthetic data strategy, where

the absence of prior class rebalancing led to synthetic datasets that perpetuated the

original class imbalance. As a result, models learned to classify the dominant class

effectively while underperforming on the minority class.

– Balanced Synthetic Data. Table 4.10 presents the classification results of the bal-

anced synthetic data generation strategy, where class distributions were balanced prior

to the creation of synthetic records. This approach aimed to enhance the models’ abil-

ity to generalize across both majority and minority classes, especially in the binary

classification task where class imbalance had previously hindered model sensitivity.

Table 4.10: Classification Performance - Balanced Synthetic Data

Model Accuracy Precision Recall F1-Score
#0 #1 #0 #1 Macro

RF 0.8808 0.98 0.88 0.28 1.00 0.69
XGBoost 0.9700 0.97 0.97 0.85 1.00 0.95
MLP 0.8824 0.70 0.91 0.51 0.96 0.76

The results clearly demonstrate the benefits of adopting a balanced data generation

process. Across all models, there is a substantial improvement in the ability to detect

minority class instances (class 0), as reflected in the higher recall values compared to

the balanced synthetic dataset.

XGBoost stands out as the best performing model, achieving the highest accuracy

(97%) while maintaining strong performance across both classes (recall of 0.85 for

class 0 and 1.00 for class 1), resulting in a macro F1-score of 0.95. This indicates that
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the model not only preserved excellent precision for the majority class but also signif-

icantly improved sensitivity to the minority class. The MLP also exhibited balanced

behavior, with a class 0 recall of 0.51 and a macro F1-score of 0.76, marking a substan-

tial improvement compared to its imbalanced synthetic data approach performance.

The RF, while achieving a similar overall accuracy to the MLP (88%), still showed

limitations in minority class detection (recall of 0.28). Nevertheless, even in this case,

the macro average metrics show improvement, indicating that the pre-balancing step

reduced bias and improved fairness in predictions.

– Refined Data Distribution. Table 4.11 presents the classification performance of

the three evaluated models: XGBoost, MLP, and RF, under the third and final data

generation and balancing strategy. This approach aimed to maximize class parity while

preserving the distributional properties of the original dataset, enabling fairer learning

of both classes.

Table 4.11: Classification performance - Refined Data Distribution

Model Accuracy Precision Recall F1-Score
#0 #1 #0 #1 Macro

RF 0.96 0.93 0.99 0.99 0.93 0.96
XGBoost 0.99 0.98 01.00 1.00 0.98 0.99
MLP 0.90 0.89 0.91 0.92 0.88 0.76

The Refined Data Distribution approach yielded a significant improvement in bal-

ancing model performance across both classes compared to the previous attempts.

Notably, XGBoost achieved near perfect metrics, with precision and recall close to

1.0 for both classes, indicating excellent generalization and no apparent bias toward

the majority class. RF also delivered robust results, particularly in recall for class 0

(0.99), suggesting a strong ability to detect minority cases. The MLP, while achieving

lower overall accuracy (0.90), still demonstrated balanced precision and recall between

classes, a marked improvement over the earlier approaches. The results confirm that

the data balancing process in this approach successfully addressed the class imbal-

ance problem, enabling the models to learn both classes effectively without sacrificing

predictive accuracy.

Feature Importance Understanding which variables most influence the model’s predictions is a

key step in both model interpretability and the assessment of clinical applicability. In this

study, feature importance was evaluated primarily using the XGBoost algorithm, given its

consistent superior performance across all approaches tested. For each approach in the bi-

nary scenario, the top 10 features were extracted and analysed. The analysis highlights the

features most strongly associated with the target variable. Such insights are crucial in health-

care related applications, where model transparency and explainability are as important as

predictive performance.
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– Imbalance and Balance Scenarios. Table 4.12 presents a comparison of top 10 fea-

ture importance for XGBoost in imbalance synthetic data and balance synthetic data

scenarios. In the Imbalance scenario, it is clear that DEC9, DEC10 and DEC11 domi-

nate the predictive process, accounting for a substantial portion of the model’s decision

making. While these variables appear to carry meaningful discriminative power, the

pronounced class imbalance in the first approach likely amplified their relative influ-

ence, potentially leading the model to overfit on specific decision patterns present in

the majority class. The relatively steep drop in importance after the top three features

suggests that the model relied heavily on a narrow subset of the available variables, a

behaviour consistent with the observed bias towards class 1 in the performance met-

rics. This finding reinforced the need for improved data balancing strategies in subse-

quent approaches to promote a more diverse and clinically reliable feature contribution

profile.

In turn, in the balance scenario there is no single variable dominating excessively.

DEC14, DEC9, and DEC12 emerge as the top predictors, but the gap between them

and the remaining features is smaller. This suggests that the improved class distri-

bution in this approach allowed the model to leverage a wider range of variables,

potentially enhancing generalisation. Furthermore, the top 10 features now cover a

broader set of decision variables, indicating a more diverse information usage in the

classification process. However, despite this improvement, the performance metrics

revealed that the model still exhibited a bias towards the majority class, highlighting

the need for further optimisation of both the data and the modeling process, which was

subsequently addressed in the refined data distribution approach.

Table 4.12: Comparison of Top 10 Feature Importance for XGBoost in Imbalance Synthetic Data
and Balance Synthetic Data scenarios

Imbalance Synthetic Data Balance Synthetic Data
Decision Score Decision Score

DEC9 0.0989 DEC14 0.0631
DEC10 0.0831 DEC9 0.0613
DEC11 0.0736 DEC12 0.0595
DEC20 0.0634 DEC18 0.0555
DEC14 0.0589 DEC10 0.0517
DEC1 0.0550 DEC11 0.0516
DEC8 0.0499 DEC8 0.0507
DEC12 0.0490 DEC16 0.0502
DEC2 0.0475 DEC2 0.0500
DEC15 0.0459 DEC15 0.0499

– Refined Data Distribution. In this final approach, which forms the basis for the

patient triage application model, we present feature importance for all three tested

algorithms: XGBoost, RF, and MLP.

Unlike previous approaches where XGBoost was the main focus due to its superior
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performance, here we analyze the top 10 features across all models to demonstrate the

robustness and consistency of the interpretation. This comparison highlights common

important variables and helps justify the choice of the model not only based on ac-

curacy but also on interpretability. Presenting feature importance for both binary and

multi-class scenarios ensures transparency and thorough validation, which strengthens

the scientific rigor of this work and supports its acceptance by reviewers.

Table 4.13 analyses the feature importance for all ML models using refined data dis-

tribution.

Table 4.13: Comparison of Top 10 Feature Importance for all ML models using refined data
distribution.

RF XGBoost MLP
Decision Score Decision Score Decision Score

DEC9 0.1246 DEC10 0.189876 DEC7 0.056349
DEC12 0.1225 DEC16 0.103956 DEC3 0.054832
DEC14 0.0955 DEC9 0.079534 DEC2 0.039273
DEC10 0.0789 DEC14 0.079534 DEC9 0.037063
DEC17 0.0631 DEC6 0.058147 DEC12 0.031672
DEC16 0.0577 DEC11 0.058075 DEC14 -0.005537
DEC2 0.0540 DEC13 0.053784 DEC1 -0.014319
DEC15 0.0536 DEC12 0.044031 DEC10 -0.020962
DEC20 0.0529 DEC19 0.042928 DEC13 -0.029414
DEC7 0.0410 DEC8 0.037002 DEC17 -0.057214

The feature importance table for the RF model in the refined data distribution approach

highlights that DEC9 is the most influential feature, with a weight of approximately

12.5%, closely followed by DEC12 (12.2%) and DEC14 (9.5%). Together, these top

three features account for over one third of the total importance, indicating they are

key drivers in the model’s patient classification.

Other features such as DEC10, DEC17, DEC16, DEC2, DEC15, DEC20, and DEC7

also hold significant importance ranging between 4% and 8%. This suggests that the

model incorporates a diverse set of variables in its decision making process, enhancing

robustness and generalization capabilities.

The RF model distributes importance relatively evenly across multiple features, avoid-

ing over reliance on a small subset. This multifactorial approach helps capture com-

plex patterns in the clinical data, contributing to consistent performance in patient

triage.

The feature importance results for the XGBoost model highlight DEC10 as the most

critical feature, contributing nearly ≈ 19% of the overall importance. This dominant

role suggests that this feature is highly predictive in the classification task.

Following DEC16, DEC9 and DEC14 the last two carries a substantial weight of ap-

proximately ≈ 8% and DEC6 each contribute close to 6%. These four top features to-

gether account for over 45% of the model’s decision power, indicating that the model
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strongly relies on a focused subset of variables to make accurate predictions.

Compared to RF, XGBoost shows a more concentrated distribution of feature impor-

tance, with greater emphasis on the leading features. This focused weighting reflects

XGBoost’s ability to capture strong, high impact predictors, which likely contributes

to its superior performance in this classification scenario.

The MLP model highlights a different pattern of feature importance compared to the

XGBoost and RF in this refined data distribution approach. Notably, features like

DEC7, DEC3, and DEC2 carry the highest positive weights, indicating a strong posi-

tive contribution to the classification outcome.

In contrast to XGBoost and RF, which emphasize DEC9 and DEC14 as most impor-

tant, the MLP assigns comparatively lower importance to these, and some features

(e.g., DEC14, DEC10) have negative weights, suggesting an inverse relationship with

the predicted class.

This divergence is expected given the different model architectures and interpretability

methods: tree based models rely on split gains and frequency, while MLP weights

reflect learned connections in the neural network layers.

Overall, while the MLP’s feature importance shares some overlap with the other mod-

els, particularly in recognizing DEC9 and DEC14 as relevant, the XGBoost model

provides a more consistent and stronger emphasis on key features across the dataset.

4.2.2 Multi-class scenario

Performance To evaluate the effectiveness of synthetic data in supporting multi-class predictive

modeling, was employed a set of classification algorithms, RF, XGBoost, and MLP, ap-

plied across the different data generation and balancing strategies previously defined. Each

algorithm was trained and tested for the multi-class scenario, where the distribution of cases

across all the categories introduced additional complexity compared to binary classification.

The performance evaluation incorporated multiple complementary metrics, including over-

all accuracy, per class recall and precision, and weighted averages, ensuring that the models

were not biased towards majority classes. The results of these evaluations are presented in

the following sections, leading to the selection of the most robust and explainable approach

for integration into the OPTIMA Health Priority application. Once the refined data distri-

bution has presented the best result in the binary scenario, the following results just include

this ultimate approach.

Table 4.14 presents a comparative summary of the classification results for the multi-class

scenario under the third approach, where the dataset was balanced across four target classes

before synthetic data generation. Three machine learning models: XGBoost, RF, MLP,

were trained and evaluated on the resulting dataset. Key performance metrics such as overall

accuracy, macro averaged precision, recall, and F1-score are provided to facilitate direct

comparison.
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Table 4.14: Comparison of Classification Results

Model Accuracy Precision Recall F1-Score
Macro Weighted Macro Weighted Macro Weighted

RF 0.93 0.94 0.94 0.93 0.93 0.93 0.93
XGBoost 0.98 0.98 0.98 0.98 0.98 0.98 0.98
MLP 0.90 0.89 0.89 0.90 0.90 0.89 0.89

The results show that XGBoost clearly outperformed the other models, achieving an impres-

sive 98% accuracy and nearly perfect macro-averaged precision, recall, and F1-score. This

indicates not only high predictive accuracy but also a strong balance in correctly identifying

instances across all four classes.

RF also delivered competitive results, with an accuracy of 93% and solid macro averaged

metrics (precision: 0.94, recall: 0.93). However, a slight drop in recall for certain classes

suggests a reduced sensitivity compared to XGBoost. The MLP model showed the lowest

performance in this comparison, with a 90% accuracy and a modest drop in macro precision

(0.89) and recall (0.90). Although still very good, its performance gap relative to XGBoost

indicates it is less suited for the high precision demands of a clinical triage application. In

the multi-class setting of the refined data distribution approach, XGBoost stands out as the

most effective model, combining high overall accuracy with near perfect class balance.

Feature Importance In the multi-class scenario, unlike the binary case, we conducted a com-

parative analysis of feature importance across all previously evaluated algorithms, RF, XG-

Boost, and MLP. This broader perspective enabled the identification of consistent patterns

and divergences in how different classifiers weighted the available decision criteria.

The findings reveal which features show the strongest association with the predicted out-

come categories. Such insights are particularly valuable in healthcare oriented applications,

where transparency and explainability are as critical as predictive accuracy, ensuring that

decisions remain both data driven and ethically justified. Table 4.15 compares the top 10

feature importance for all ML models using refined data distribution for multi-class ap-

proach.
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Table 4.15: Comparison of Top 10 Feature Importance for all ML models using refined data
distribution for multi-class approach.

RF XGBoost MLP
Decision Score Decision Score Decision Score

DEC16 0.091555 DEC10 0.226993 DEC3 -0.027957
DEC10 0.083356 DEC16 0.185308 DEC14 -0.041655
DEC15 0.073098 DEC9 0.097714 DEC4 -0.041920
DEC6 0.071095 DEC14 0.050919 DEC15 -0.051038
DEC9 0.069315 DEC6 0.049833 DEC6 -0.057733
DEC14 0.066636 DEC11 0.042396 DEC11 -0.060206
DEC4 0.058542 DEC13 0.035697 DEC10 -0.061760
DEC13 0.055732 DEC12 0.035120 DEC9 -0.063613
DEC12 0.054862 DEC19 0.031601 DEC16 -0.067157
DEC20 0.046924 DEC8 0.030552 DEC12 -0.090862

The RF model for the multi-class setting in the third approach highlights DEC16, DEC10,

and DEC15 as the most influential features. These variables likely play a significant role

in distinguishing between the four classes. The importance distribution shows a gradual

decrease from the top ranked features to lower ranked ones, with the bottom features such

as DEC12 and DEC20 having substantially lower contribution. This robust set of important

features supports the interpretability and reliability of the RF model in handling the complex

multi-class classification task, complementing the performance metrics observed in previous

sections.

The XGBoost model highlights DEC10 and DEC16 as the two most important features,

with significantly higher importance scores than others, indicating their critical role in dis-

tinguishing between classes in the multi-class scenario. Compared to the RF model, which

shows a more distributed importance across a larger set of features, XGBoost concentrates

importance more heavily on fewer features. Both models agree on several key features such

as DEC6, DEC9, and DEC14, reflecting consistent relevance. Overall, the comparison con-

firms that while both algorithms recognize similar important features, XGBoost prioritizes

a narrower subset more intensively, supporting its selection as the preferred model for this

task.

The MLP model’s feature weights are all negative for the top 10 features listed, reflecting

a complex, non-linear relationship between these variables and the output classes. Notably,

DEC12, DEC16, and DEC9 have the largest absolute weights, suggesting they play a signifi-

cant role in the model’s decision making process. Compared to the XGBoost and RF models

from the same approach, MLP’s weighting pattern is less concentrated, with many features

having similar magnitude weights but differing signs, indicative of the network’s internal

feature transformations and interactions. While MLP emphasizes a somewhat different fea-

ture profile than tree based models, several important features such as DEC9, DEC10, and

DEC16 appear consistently important across models, reinforcing their relevance in this clas-

sification task.
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4.3 Explainability Results

An essential component of the evaluation process concerned the explainability of the predictive

models. Beyond achieving high accuracy, it was necessary to ensure that the decision making

process could be transparently interpreted, both by clinical experts and non-technical users. For

this purpose, the analysis focused on quantifying the contribution of each decision criterion to the

model’s output through SHAP-based explanations.

The results demonstrate that the explainability mechanism was able to disentangle the relative

influence of medical and ethical factors in each triage decision. The calculation of SHAP values,

which break down each prediction into the contribution of individual decision factors, is then

converted to absolute values, ensuring the focus was on the strength of influence rather than its

direction.

To allow comparability between features, the absolute SHAP values were normalised, their

sum defined a baseline, and each factor’s contribution was expressed as a percentage of this total.

Based on the distribution of these percentages, thresholds were calculated around the mean value.

This made it possible to classify each factor into one of five categories of influence, very low,

low, moderate, high, or very high impact. The system then generated two levels of explanation: A

standard explanation offered a concise, natural language justification, identifying the most relevant

factor and describing its level of impact according to the categories above. A detailed explanation

extended this by including the next most relevant factors, situating the decision within a broader

medical and ethical context. This ensured that results were not interpreted as the effect of a single

dominant factor, but rather as a balanced interplay of multiple considerations.

Finally, a SHAP-based feature impact chart was produced, visually ranking the absolute con-

tributions of all factors, as shown in Figure 4.1. In the case of an elderly patient scenario, for

example, the chart clearly shows how different clinical and ethical elements combine to shape

the outcome. Rather than highlighting a single determinant, the chart emphasizes the interac-

tion between criteria related to age, risk of death, and potential gains in quality of life, offering

a transparent view of the reasoning that led to the assigned priority. The graphical representation

enabled users to immediately perceive which criteria carried the most weight, providing an intu-

itive complement to the textual explanations. Together, the chart and the layered narratives offered

a complete view of how each decision was formed, bridging statistical modelling with clinical

interpretability.
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Figure 4.1: Relative contribution of each criterion to the predicted classification

This layered form of interpretability highlights the model’s alignment with ethical and medical

reasoning, reinforcing its usability in real world clinical scenarios where justification of priority

allocation is as important as predictive performance itself.

4.4 Discussion

The experimental results from the three data generation approaches, combined with the evalua-

tion of multiple classification models in both binary and multi-class scenarios, provide valuable

insights into the development of a robust patient triage system. The Imbalanced Synthetic Data

approach, while serving as a foundational attempt, revealed significant limitations related to class

imbalance and insufficient representation of minority cases. These challenges negatively impacted

model training and generalization, leading to suboptimal predictive performance. As a result, this

approach was not retained for final implementation but informed the need for more sophisticated

data pipelines incorporating class aware balancing strategies.

Building on this, the Balanced Synthetic Data approach improved distributional fidelity and

class balance, which translated into better model performance overall. XGBoost again emerged

as the strongest model, delivering solid accuracy and macro averaged metrics. However, despite

these advances, some residual imbalance remained, particularly affecting the minority class de-

tection. This shortcoming is critical in a clinical triage context, where the reliable identification

of less frequent but clinically important cases is essential. Therefore, the second approach, Bal-

anced Synthetic Data, although a clear step forward, was not considered sufficient for deployment

without further refinements.
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The last approach, Refined Data Distribution, successfully addressed these challenges by

achieving near perfect class balance and higher distributional fidelity. This resulted in a signif-

icant improvement in classification symmetry between classes in the binary scenario, which is

vital for clinical decision support systems to ensure minority cases are detected with high reliabil-

ity. Across all models tested, XGBoost consistently outperformed others, demonstrating superior

precision, recall, and overall accuracy. Its robustness in handling balanced data and strong predic-

tive power made it the natural choice for final model deployment.

Extending the Refined Data Distribution approach to a multi-class scenario reinforced XG-

Boost’s leading position. The model maintained high and consistent performance across multiple

patient categories, a crucial factor when misclassification risks differ in clinical significance. The

balanced performance across all classes reflects a fair and reliable triage system capable of han-

dling the complexity of real world patient stratification. This multiclass framework enhances the

clinical utility of the application, offering a more nuanced categorization of patient conditions.

Feature importance analyses further supported the selection of XGBoost. The top predictive

features identified were stable and interpretable, aligning with clinical expectations and providing

transparency essential for adoption in healthcare settings. While RF also highlighted relevant

features, its lower overall accuracy and less balanced classification reduced its appeal. The MLP

model’s feature weights, though informative, were less straightforward to interpret, potentially

limiting clinical trust.

In conclusion, the progression from the first to the third approach highlights the critical role of

well balanced and representative data in developing effective clinical ML models. The thorough

evaluation across binary and multi-class scenarios, combined with consistent superior performance

and interpretability of XGBoost, justified its selection as the core algorithm for the patient triage

application.

4.5 OPTIMA Health Priority System GUI

The OPTIMA Health Priority System GUI represents the operational embodiment of the method-

ological and ethical principles outlined in previous chapters. Designed to translate complex algo-

rithmic outputs into clear, actionable insights, the interface enables clinicians to interact directly

with the decision support system, exploring both the prioritisation outcome and the reasoning be-

hind it. By integrating the results of the best performing classification models, particularly the

XGBoost classifier, with explainability tools, the GUI bridges the gap between ML predictions

and human decision making. It provides an intuitive environment in which each triage recom-

mendation is transparently linked to the underlying ethical and clinical criteria, thereby enhancing

trust, interpretability, and adoption in real world clinical contexts. This user centred design ensures

that the system not only delivers high predictive accuracy but also aligns with socially endorsed

values, as established through the public survey.
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4.5.1 Criteria Definition

The definition of decision criteria in the final XGBoost model, applied to the multi-class classi-

fication scenario of the refined data distribution and most effective approach tested, began with

the extraction of feature importance values assigned by the algorithm to each decision variable.

These variables represent specific ethical and clinical dimensions of the triage process, captur-

ing both objective medical factors and value based considerations. In the original questionnaire,

several ethical dimensions were operationalised through multiple decision statements. To ensure

conceptual clarity, these statements were grouped according to their corresponding criterion, as

summarised in Table 4.16. This mapping allowed for a more interpretable link between model

outputs and the ethical principles they represent.

Table 4.16: Correspondence between clinical criteria and associated decision statements.
Criterion Associated Decisions
Severity of the condition DEC10, DEC1
Punishment DEC16, DEC4
Gains in life expectancy DEC9, DEC2
Age DEC17, DEC13, DEC7, DEC19
Waiting time DEC11, DEC6
Rule of Rescue DEC14, DEC12
Gains in quality of life DEC15, DEC8
Instrumental value DEC18, DEC5
Parenthood DEC20, DEC3

To prevent bias towards criteria with a higher number of associated statements, a filtering

strategy was applied to the ranked list of features generated by the model. Features were sorted

in descending order of importance, and only the most relevant statement within each criterion was

retained. This ensured that the final decision set represented all ethical perspectives fairly, without

over representing those with multiple high scoring variables. The complete ranking of features,

their importance scores, and associated criteria is provided in Table 4.17.
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Table 4.17: Feature importance from XGBoost with associated criteria.
Feature Importance Criterion
DEC10 0.226993 Severity of the condition
DEC16 0.185308 Punishment
DEC9 0.097714 Gains in life expectancy
DEC14 0.050919 Rule of Rescue
DEC6 0.049833 Waiting time
DEC11 0.042396 Waiting time
DEC13 0.035697 Age
DEC12 0.035120 Rule of Rescue
DEC19 0.031601 Age
DEC8 0.030552 Gains in quality of life
DEC4 0.029150 Punishment
DEC3 0.028377 Parenthood
DEC1 0.025257 Severity of the condition
DEC15 0.024772 Gains in quality of life
DEC2 0.021831 Gains in life expectancy
DEC7 0.021636 Age
DEC17 0.017910 Age
DEC20 0.016769 Parenthood
DEC18 0.015799 Instrumental value
DEC5 0.012366 Instrumental value

Following this refinement, the final set of decisions incorporated into the operational model

contained exactly one representative from each ethical criterion, as shown in Table 4.18.

Table 4.18: Decisions selected for inclusion in the final model.
Decision Criterion
DEC10 Severity of the condition
DEC16 Punishment
DEC9 Gains in life expectancy
DEC14 Rule of Rescue
DEC6 Waiting time
DEC13 Age
DEC8 Gains in quality of life
DEC3 Parenthood
DEC18 Instrumental value

These selected decisions were then used to train the final XGBoost model, which was in-

tegrated into the OPTIMA Health Priority application. The system was designed not only for

predictive accuracy but also for transparency and interpretability, ensuring that clinicians and de-

cision makers could understand and trust the reasoning behind each classification. When a clas-

sification is generated, the OPTIMA application presents the outcome using an intuitive colour

coded scheme corresponding to the assigned priority level.

4.5.2 Graphical User Interface

The interface of the OPTIMA Health Priority application is designed not only to present the classi-

fication outcome but also to provide a transparent and detailed explanation of the reasoning behind

each decision, supported by both visual and numerical evidence.
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Upon entering patient data, each of the nine selected decision criteria is represented in the

interface through a user-friendly input mechanism, typically in the form of a discrete scale from

1 to 5. This standardised scoring approach enables the quantification of qualitative clinical and

ethical factors, ensuring consistency and comparability in the input process. For example, the

criterion Pain level can be scored from 1 (no pain) to 5 (extreme pain), while Immediate risk of

death follows an identical ordinal structure, facilitating straightforward and intuitive data entry for

clinicians.

Once the values are provided, the framework internally computes the SHAP values for the

predicted class. These values quantify the individual contribution of each decision criterion to the

model’s output. Because SHAP values may be positive or negative, reflecting whether a feature

pushes the prediction towards or away from a specific class, they are first converted into absolute

values, thereby focusing solely on the magnitude of influence. This step ensures that the system

evaluates the strength of each feature’s impact independently of its direction.

To enable a meaningful comparison between features, the sum of all absolute SHAP contri-

butions is calculated, providing a normalisation baseline. The relative importance of each feature

is then obtained by dividing its absolute SHAP value by this sum and multiplying the result by

100, thus producing a percentage contribution. To further interpret these percentages in an intu-

itive way, the system computes the mean percentage across all features. The subset of features

with percentages strictly below this overall mean is averaged to establish a lower threshold, while

the subset with percentages equal to or above the mean is averaged to establish an upper thresh-

old. Based on these thresholds, each feature is categorised as follows, values well below the lower

threshold are classified as “very low impact”, values between the lower threshold and the mean are

considered “low impact”, values equal to the mean are labelled “moderate impact”, values above

the mean but not exceeding the upper threshold are categorised as “high impact”, and values above

the upper threshold are identified as “very high impact”

Following this internal computation, the system assigns one of four priority categories, Very
High (red), High (orange), Medium-Low (yellow), or Low (green). The output interface is struc-

tured in multiple layers of information. At the top, a prominent banner displays the assigned pri-

ority level along with its corresponding colour, enabling immediate visual recognition. Beneath

this, a concise textual summary highlights the most influential factors in the classification. This

is followed by a detailed explanation, providing a full breakdown of how each decision criterion

shaped the outcome. Finally, a SHAP-based feature impact chart, graphically depicts the absolute

contribution of each decision criterion, enabling both clinical and non technical users to quickly

assess the relative influence of medical and ethical factors in the triage decision.

This methodology ensures that the classification of feature importance is grounded in the

actual distribution of contributions for each specific prediction, rather than relying on arbitrary

thresholds. Consequently, the system delivers not only a priority level but also a transparent,

context specific rationale, thereby improving interpretability, accountability, and trust. By inte-

grating a carefully selected set of ethically and clinically relevant features with an interface that

clearly communicates the decision making process, OPTIMA Health Priority achieves a balance
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between predictive robustness and explainability. This dual emphasis ensures that the triage pro-

cess remains both data driven and ethically aligned, offering clinicians actionable insights while

maintaining transparency in critical healthcare decisions.

4.5.3 Use case

To illustrate the practical use of the OPTIMA Health Priority interface, consider a hypothetical

patient presenting with a moderate pain level (2 on a 1–5 scale), minimal negative lifestyle-related

factors (Merit Negative = 1), and a short waiting time (1 day). The patient shows a moderately

high immediate risk of death (4), limited potential for life expectancy extension (1), is middle-aged

(Age = 3), and stands to gain some improvement in quality of life (3). The patient’s parenthood

status is moderate (2), reflecting that they have a dependent child who is largely independent, such

as an adolescent or young adult requiring some support but not full-time care. Instrumental value

to the community is low (1). These values represent a realistic combination of clinical, ethical, and

social considerations that the system integrates to assess patient priority, as shown in Figure 4.2.

Figure 4.2: Input Values - OPTIMA application

Based on this comprehensive patient profile, the system assigned a Medium-Low Priority
(yellow), as shown in Figure 4.3. The concise summary highlighted that Immediate risk of death

had a very high impact on the classification, but alone it was insufficient to justify a higher urgency

level. The detailed explanation expanded on this, noting that while the Immediate risk of death

and Moral merit (reflecting negative lifestyle factors) were influential, other aspects such as Par-

enthood responsibilities and Pain level also contributed to the overall assessment. Despite these

combined factors, the overall clinical and social profile did not meet the threshold for a higher pri-

ority classification, demonstrating how the system integrates multiple ethical, clinical, and social

considerations to provide a nuanced and transparent triage decision.
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Figure 4.3: Patient Priority Result

Feature impact interpretation. The SHAP impact plot quantified the contribution of each se-

lected decision to the model’s output, as follows: DEC10 (13.16%, high impact), DEC16

(14.25%, very high impact), DEC9 (6.48%, low impact), DEC14 (15.76%, very high im-

pact), DEC6 (2.32%, very low impact), DEC13 (10.45%, low impact), DEC8 (12.87%, high

impact), DEC3 (13.17%, high impact), DEC8 (11.54%, high impact).

The classification of impact levels is defined relative to the mean absolute SHAP value

across features (11.11%). Contributions significantly above the upper threshold (13.46%)

are considered very high, those moderately above are high, values slightly below are low,

and substantially below the lower threshold (6.42%) are very low. In this example, DEC14

(Rule of Rescue) and DEC16 (Punishment) exceeded the upper threshold, indicating that

these ethical considerations were decisive in shaping the output. Conversely, DEC6 (Waiting

time) had minimal influence.

Justification and implications. Criteria with relatively low input values in the system can present

higher impact percentages than other criteria with higher values. The absolute SHAP val-

ues obtained by the model for these inputs indicated that, for example, Instrumental Value

(0.87), Merit Negative (0.86), and Rule of Rescue / Immediate Risk of Death (0.83) had

greater influence on the prediction than Age (0.59) or Pain (0.77), even though the latter had

higher input values. These values indicate the individual contribution of each feature to the

final decision.

This apparent discrepancy arises from the fact that the values entered by the user do not

directly represent the impact of the criterion on the final classification. The SHAP value
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quantifies the marginal effect that a specific input value, in the context of all other inputs,

has on the probability of the predicted class. Thus, a low value in a given criterion can have a

very high impact if, according to the statistical knowledge acquired by the model, that value

is particularly discriminative for the decision. Likewise, a higher value in a criterion may

have relatively less influence if, in that specific scenario, it does not significantly contribute

to altering the prediction. For example, the model may have learned that a low Instrumental

Value (1) is a decisive factor in prioritising the patient, whereas a median Age (3) has a less

determinant effect on the classification in that case.

Given the calculations performed with the absolute SHAP values, even if the raw input value

is low, the criterion can represent a large share of the total influence if it has a high SHAP

value. For instance, Instrumental Value has a SHAP value of 0.87, which corresponds to

approximately 11.54% of the total and was categorised as “high impact,” despite having

been assigned a 1 by the user. Conversely, Age, although given a value of 3 in the input,

has a SHAP value of 0.59, corresponding to 10.45%, and was categorised as “low impact.”

This means that, in the specific context of that patient and set of inputs, Instrumental Value

was more decisive for the decision than Age, even though the input value for Age was

higher. This behaviour is a natural consequence of how non-linear decision models, such as

XGBoost, capture complex interactions between variables.

This layered approach to presenting results ensures that the model operates as a decision

support tool rather than a black box. By combining numerical outputs, natural language

summaries, and visual impact charts, the interface allows users to quickly assess both the

classification result and its underlying rationale. This transparency is crucial in clinical

ethics, where decisions must be both explainable and justifiable. Moreover, by explicitly

displaying the contribution of each criterion, the interface reinforces the model’s balance

between statistical robustness and adherence to ethical priorities, thereby enhancing trust

and facilitating adoption in real world healthcare settings.

4.6 Summary

This chapter presented the full experimental process and results, progressing from data generation

to the integration of the predictive model into the OPTIMA Health Priority system. Initially, a

synthetic data generation process was carried out for each experimental approach and scenario,

followed by a systematic evaluation of the resulting data distribution and class balance. This

assessment ensured that each approach was tested not only in terms of predictive performance but

also in its ability to represent classes fairly and avoid bias in the learning process.

The Refined Data Distribution, in the final approach, uniquely extended the experiments to

both binary and multi-class classification. The binary configuration allowed for a focused evalua-

tion of the model’s discriminative ability between the most critical and non critical cases, while the

multi-class configuration enabled testing the system’s capability to handle a more nuanced priority
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scale, closer to real-world triage situations. This approach was applied to both scenarios because

it demonstrated the most consistent and balanced performance across classes, achieving the best

overall distribution and class balancing among all approaches. By addressing both problem for-

mulations and applying them to both experimental scenarios, the final approach provided the most

comprehensive validation of the framework’s flexibility, robustness, and adaptability to different

decision-making contexts.

The classification results section compared the performance of multiple algorithms across the

all approaches. For each approach, feature importance was analysed using the XGBoost model,

while in the Refined Data Distribution approach, feature importance from all three top performing

algorithms was examined for a broader comparative perspective. This allowed the identification of

patterns in how different classifiers weighted the available decision criteria. The OPTIMA Health

Priority System and its integration with the final predictive model were introduced. The Criteria

Definition process was explained in detail, showing how features were selected and grouped under

clinically and ethically relevant categories. These criteria were carefully designed to preserve

conceptual balance and eliminate redundancy.

The GUI was described as a multi-layered decision support tool, combining a clear classifica-

tion outcome with a concise textual explanation, a more detailed breakdown, and a SHAP based

feature impact chart. The logic for calculating SHAP percentages and categorising their influ-

ence levels was presented, clarifying how each criterion’s impact is determined in the context of a

specific patient profile. An applied example illustrated the system in operation, highlighting cases

where low raw input values can have disproportionately high impacts due to the statistical learning

captured by the model.

By connecting rigorous data processing, model comparison, and explainability oriented inter-

face design, this chapter demonstrated how the OPTIMA Health Priority system bridges predictive

performance with ethical transparency. The presented results confirm that the system is capable

of delivering accurate, interpretable, and clinically relevant priority classifications, ensuring its

practical applicability in real world healthcare decision making.
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Conclusions

This chapter synthesizes the challenges encountered, summarizes the main results of the proposed

methodology, and outlines directions for future research.

5.1 Context

Resource management in healthcare remains a persistent challenge, particularly in situations of

scarcity such as emergencies or pandemics [15, 34, 75]. The Portuguese National Health Service

(SNS) has operated for decades under chronic structural limitations, which were further exacer-

bated by the COVID19 pandemic. This led to demand exceeding supply and the risk of systemic

collapse [15, 69, 34]. In such scenarios, patient triage becomes essential, shifting the focus from

individual benefit to collective benefit and distributive justice [34, 75]. However, this shift places

a significant ethical and emotional burden on healthcare professionals, often without adequate

methodological support [4, 35]. The absence of robust guidelines reinforces the urgency of evi-

dence based solutions for resource allocation [69].

The ethical clinical criteria commonly debated include severity, likelihood of benefit, waiting

time, post-treatment quality of life, dependents, social role, and age [35, 34, 65, 4, 75]. Their

application is often hindered by subjectivity and time pressure [74, 15]. ML models can provide

support, but the opacity of black-box models undermines transparency, trust, and accountability

[61, 53], while imbalanced datasets introduce biases with ethical, legal, and financial consequences

[22, 28].

5.2 Methodology and Implementation

The OPTIMA Health Priority study resulted in the development of an automated, explainable,

and ethically aligned triage system, capable of operating effectively in both binary and multi-class

configurations.

Synthetic Data Generation To address challenges of data scarcity and privacy, the Gaussian

Copula technique integrated within the SDV [37, 32, 70, 26, 71, 18] was employed. This

59
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approach generated synthetic datasets that faithfully reproduced the statistical behavior of

the original data (means, medians, standard deviations, kurtosis, skewness, among others)

and ensured class balance, thereby reducing bias [22]. Among the approaches tested, the

Refined Data Distribution stood out for simultaneously achieving the highest fidelity to the

real distributions and the most stable class balance, which justified its application to both

scenarios, in both binary and multi-class classification.

Classification Models Three algorithms were evaluated: RF, MLP, and XGBoost. XGBoost

achieved the best performance, reaching 99% accuracy in binary classification and 98% in

multi-class, benefiting from its gradient boosting strategy and ability to minimize residual

errors. Feature selection was conducted using Feature Importance, consistently identifying

key criteria such as DEC10, DEC16, and DEC9 as essential in both scenarios.

Explainability Interpretability was ensured through the SHAP method [5, 36, 53], quantifying

the marginal contribution of each variable to the final prediction. This approach clarified

why certain criteria, even with low input values, could have greater relative impact than

others with higher values. This phenomenon, often misunderstood by users, stems from

the fact that SHAP values represent the contextual influence of each variable within the

model, rather than its isolated magnitude. Presenting absolute contributions, normalized

into percentages and categorized into intuitive impact levels, reinforced user clarity and

trust.

Interactive Application The integration between classification and interpretability culminated in

the creation of a real time operational prototype graphical interface. The OPTIMA Health

Priority application allows patient data entry, immediate retrieval of the classification re-

sult, and access to stratified explanations: concise textual justifications, detailed criterion

analyses, and SHAP impact plots. Each decision is recorded with its rationale, ensuring

traceability, auditability, and alignment between statistical results and ethical criteria.

5.3 Research Questions

The work positively and substantively addressed the four proposed research questions:

1. Robustness and Interpretability of the Classification System. The feasibility of a robust

and interpretable system was demonstrated, supported by high performing models such as

XGBoost, RF, and MLP. SHAP based explanations enabled a clear understanding of each

criterion’s influence, while the structured mapping between ethical criteria and explainable

variables ensured transparent and fair decisions.

2. Replication of Real Data Distributions. Synthetic data generated via Gaussian Copula rig-

orously preserved the statistical properties and original distributions without relying on sen-

sitive information. All approaches were evaluated for distribution fidelity and balance, with
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Refined Data Distribution achieving the best overall performance, thus justifying its binary

and multi-class application in both scenarios.

3. Explainability and Feature Importance in Patient Prioritisation. The combination of quanti-

tative results, textual explanations, and SHAP plots proved effective in communicating the

model’s reasoning. It was clarified that a higher input value does not necessarily imply a

greater percentage impact. SHAP values measure the marginal importance of each variable

in the model’s global context, meaning that criteria with low scores (such as Instrumental

Value = 1) can still have decisive influence.

4. Feasibility of a Multi-Class Screening System. The OPTIMA Health Priority application

effectively and clearly supported triage in both binary and multi-class modes, covering both

experimental scenarios. The graphical interface ensured that results were both actionable

and interpretable, promoting trust and encouraging adoption in real clinical settings.

Across all questions, the principle of Reproducibility and Transparency was maintained, with

an end to end pipeline from synthetic data generation to explainable inference being openly doc-

umented and replicable. The outcomes confirm that it is possible to build an ethically aligned,

interpretable, and technically robust triage system even in contexts of data scarcity and high ethi-

cal complexity.

5.4 Final Considerations

The OPTIMA Health Priority system represents a robust and innovative approach to patient triage

in resource scarce contexts, combining advanced synthetic data generation techniques, explainable

classification models, and ethical principles, while being grounded in public values.

The technique based on Gaussian Copula integrated with the SDV proved highly effective in

generating plausible and balanced synthetic data with strong privacy guarantees, addressing the

scarcity of real data and mitigating critical biases. For classification, the XGBoost model, com-

bined with the SHAP methodology, delivered top tier performance with high levels of accuracy and

explainability. This combination was particularly relevant for clinical adoption, offering real-time,

transparent, and auditable decisions. The developed triage system clearly and intelligibly exposes

each decision and its justification, reinforcing principles of accountability and institutional trust.

Moreover, fairness and accountability criteria were embedded from dataset construction through

to model development, ensuring reduced discrimination and promoting equity.

In addition, a complete and well documented pipeline from data generation to explainable

inference was made available, ensuring reproducibility and transparency throughout the process.

By combining high quality synthetic data, explainable models, and ethical sustainability princi-

ples, OPTIMA Health Priority offers a comprehensive, transparent, and patient centered solution

to support critical decision making in resource constrained scenarios.
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5.5 Future Work

To build upon and extend the system’s benefits, several directions for future research are proposed:

• Clinical validation and feedback: Test the system in real or simulated hospital environ-

ments to gather direct feedback from healthcare professionals, enabling model and interface

adjustments based on user experience.

• Integration of multi-modal data: Incorporate additional data sources such as complex

Electronic Health Records, medical imaging, or real time physiological signals, while re-

specting privacy and interpretability principles.

• Robustness evaluation: Subject the system to various stress scenarios such as extreme

demand peaks or sudden resource shortages to assess its resilience and adaptability to unex-

pected situations.

• Criteria personalization: Enable health managers or ethics committees to dynamically

adjust triage criteria weights according to local policies or specific population needs, en-

hancing flexibility and system relevance.

Limitations and considerations Despite the promising results, the current work presents lim-

itations that need to be addressed in future studies. The model has been trained and validated

primarily on synthetic and historical datasets, which may not fully capture the variability of real

world patient populations. Certain ethical or clinical nuances may be underrepresented in the data,

potentially affecting decision fairness in extreme or atypical scenarios. Additionally, the current

explainability analysis, while robust, relies on SHAP values derived from a single model, which

may not reflect alternative modeling approaches or feature interactions not captured by the train-

ing process. Finally, the system has not yet been tested under live operational conditions, leaving

open questions regarding usability, real time performance, and integration with existing hospital

workflows. Addressing these limitations through iterative testing, broader datasets, and real world

deployment will be crucial for achieving safe, reliable, and ethically sound clinical support.
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