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Healthcare rationing is unavoidable in systems constrained by limited resources. While decisions about 
who should be treated are ethically complex, they must reflect not only efficiency concerns but also 
socially accepted values. This study aims to develop a multi-criteria decision-support system - Vital 
Priority System, that prioritise patients using a Random Forest algorithm trained on multiple rationing 
criteria endorsed by Portuguese civil society. Based on a Portuguese online survey data, the model 
incorporates nine dimensions: clinical need, life expectancy gain, quality of life improvement, age, 
waiting time, parental status, lifestyle responsibility, and social role. Our results show that clinical 
need, expected treatment effectiveness, waiting time and age were the most influential, followed by 
parental status. Lifestyle and social role factors were least weighted. The proposed system enables 
the classification of patients as ‘priority’ or ‘non-priority’, providing healthcare professionals with a 
transparent, consistent, and ethically grounded tool to support decision-making. This study advances 
the literature by operationalising, for the first time in the Portuguese context, public preferences in a 
replicable AI-based framework for fairer patient prioritisation.

Keywords  Patient prioritisation, Explicit rationing, Artificial intelligence, Machine learning, Multi-criteria 
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Population ageing, the increasing prevalence of chronic, infectious, and communicable diseases, lifestyle-
related health risks, rapid technological development, and rising societal expectations regarding the potential 
of medicine to enhance health and well-being are all contributing to a growing demand for healthcare services. 
This rising demand exerts significant pressure on the limited resources of public healthcare budgets. Rationing 
or prioritising healthcare (terms used interchangeably throughout this paper) is inherently complex and 
contentious, as it involves balancing competing objectives. These decisions remain one of the most pressing 
challenges in healthcare policy.

While demand continues to outpace available resources, policymakers are compelled to make difficult 
decisions about how to allocate public funds, namely, which services and treatments to support. Consequently, 
healthcare professionals are often required to decide which patients to treat. Rationing or prioritising healthcare 
(terms we use interchangeably throughout this study) is inherently complex and contentious, as it involves 
balancing competing objectives.

In many countries, including Portugal, such decisions are frequently made at the discretion of politicians and 
health professionals. Strategies such as reducing hospital beds, shortening hospital stays, closing health services, 
or allowing long waiting lists are common examples of implicit healthcare rationing.

Implicit rationing has been perpetuated by political actors who, seeking to avoid the fallout of unpopular 
decisions, delegate responsibility to health professionals1. From a political economy perspective, politicians 
tend to avoid blame for controversial actions, concerned about the electoral consequences. In a representative 
democracy, political parties often converge toward the preferences of the median voter to secure electoral 
success2, indicating that public decision-makers are not neutral social welfare maximisers but instead driven 
by self-interest3. At the micro or clinical level, however, health professionals, under persistent pressure to make 
ethically challenging decisions, experience significant psychological strain4 and increasingly seek to share this 
burden with political authorities. Indeed, global concern about the psychological well-being of healthcare 
workers has increased in the wake of the COVID-19 pandemic5.

These considerations highlight the urgent need for a systematic and transparent approach to priority setting 
that can assist policymakers and health professionals alike. In recent decades, economic evaluation frameworks, 
particularly those based on effectiveness and cost, have gained prominence. Cost-effectiveness analysis has 
emerged as a key tool for identifying priority interventions6, comparing the cost per health outcome of different 
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treatments and ranking them accordingly. Within this framework, cost-utility analysis (CUA) has become 
widespread, using quality-adjusted life years (QALYs) to simultaneously capture gains in life expectancy and 
quality of life. The underlying logic of CUA is one of efficiency: maximising population health. In this view, 
efficient allocation of scarce healthcare resources means prioritising patients with the greatest likelihood of 
treatment success. Despite its economic rationale, this approach has been contested by civil society, which is 
concerned not only with aggregate health gains but also with their distribution. Economic models often fail 
to reflect public perceptions of distributive justice, omitting important criteria beyond cost and effectiveness. 
For example, during the recent public health pandemic, the principle of health gain maximisation guided 
clinical decision-making in some countries. In Italy and Spain, overwhelmed health systems forced healthcare 
professionals to allocate scarce ventilators to patients with the highest likelihood of survival7–9. This practice 
was later challenged in Italy, where relatives or deceased patients filed lawsuits against the health system and its 
decision-makers10. Similar protests occurred in the United States, namely in Washington11 and New York City12.

Rationing decisions at the national level raise similar concerns. Countries like Portugal apply cost-effectiveness 
thresholds in their health technology assessments to determine whether new medicines should receive public 
reimbursement. Treatments for rare diseases often exceed these thresholds and are thus excluded from public 
coverage. This was the case in Portugal for two highly expensive drugs for hepatitis C and spinal muscular 
atrophy. Although initially excluded, public pressure, amplified by media campaigns, ultimately compelled the 
government to reverse its decision and fund the hepatitis C treatment (for a review see13.

Whether to prevent the media influence on public policy, to relieve the emotional burden on healthcare 
professionals, or to uphold democratic legitimacy by involving taxpayers in healthcare decisions there is a clear 
need to define rigorous, transparent, and socially accepted criteria for prioritisation. As the main funders and 
beneficiaries of public health systems, citizens’ values and preferences must be integrated into the decision-
making process. In recent years, ethical, economic, political, and legal arguments have increasingly supported the 
incorporation of public preferences in healthcare rationing decisions14–17. While this participatory process may 
be lengthy, shared decision-making among policymakers, clinicians, and the public can enhance accountability 
and increase societal acceptance of difficult choices.

A major challenge in implementing explicit rationing mechanisms is defining the criteria for inclusion. 
Numerous prioritisation criteria have been proposed in the literature18–24 along with evidence of the public’s 
support for various criteria (e.g25,26. for reviews). Civil societies tend to prioritise interventions targeting the 
worst-off namely those in greater clinical need (e.g., severely ill or in pain), the youngest (to allow a normal life 
span), and individuals with pressing social needs (e.g., parents). Additionally, higher priority is often granted 
to individuals with socially important roles (e.g., physicians), while lower priority is attributed to those whose 
health issues stem from irresponsible behaviour.

The inherent complexity of defining an explicit rationing process stems from the need to balance multiple, 
and often conflicting, criteria. This complexity reinforces the need for systematic, transparent, and structured 
decision-making processes. To this end, multi-criteria decision models have been proposed as promising tools 
for guiding healthcare resource allocation (for a review, see27. These models can incorporate multiple dimensions 
although useful these models remain underutilised in practical settings28.

The present study introduces a novel multi-criteria decision model that employs Machine Learning (ML) to 
classify patients as priority or non-priority cases, based on the preferences of Portuguese citizens. This model 
aims to provide practical evidence to inform resource allocation decision in Portugal. By embedding societal 
values into patient prioritisation, it offers a more democratic and inclusive alternative to traditional, top-down 
approaches. ML, a subset of artificial intelligence (AI), generates predictions or decisions by learning from 
data and improving through experience. While ML applications in healthcare, such as diagnostic classification 
(e.g., osteosarcoma)29, treatment selection, emergency triage30–32, and personalised medicine33 are increasingly 
common its application to patient prioritisation based on distributive justice remains unexplored.

To the authors’ knowledge, this is the first study to apply ML in the development of a transparent patient 
prioritising system grounded in widely debated ethical criteria and public preferences. Given that ML systems 
learn from existing datasets, this study uses a large sample of Portuguese citizens’ views on prioritisation to 
develop an intelligent classification system. Because the proposed AI system is built on public preferences, it 
addresses key concerns related to distributive justice and transparency, prerequisites for a responsible and ethical 
AI model34.

The proposed method applies a decision tree-based algorithm - Random Forest., which is widely used for 
both prediction35 and classification tasks36. In contrast to informal judgments that often dominate patient 
prioritisation, this method offers a data-driven, systematic approach that enhances rationality in decision-
making. ML tools, with their ability to process real-time data, hold great promise for supporting future decisions 
on the allocation of scarce healthcare resources.

Methodology
Proposed method
This study aims to develop a robust ML model to classify patient priority based on public preferences regarding 
nine rationing criteria identified in the literature and detailed below. This approach offers actionable insights 
to support healthcare professionals, promote socially equitable patient triage systems, and enhance the overall 
efficiency and fairness of healthcare delivery.

We propose a multi-criteria decision-support, referred to as VITAL Priority System designed to classify 
patient as priority or non-priority by integrating societal input through ML techniques. The system leverages 
ML algorithms to analyse the collected data, identify the most relevant predictors, and detect patterns in patient 
prioritisation preferences.
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The development of the VITAL Priority System follows four main steps, as illustrated in Fig. 1. Each of these 
steps is described below.

Data processing and feature selection
No additional preprocessing was necessary, as the dataset was already clean, complete, and appropriately 
structured. All variables were in a format compatible with the classification model, which is inherently 
robust to variable scaling and capable of handling both categorical and numerical inputs without the need for 
transformation. The dataset contained no missing values, and neither normalization nor encoding procedures 
were required.

Feature selection was conducted using the SelectKBest method with the ANOVA F-value as the scoring 
function. This approach identified and ranked the most influential features, i.e., the rationing criteria, based 
on their contribution to the model’s decision-making process. The relative importance of each criterion was 
expressed as a percentage of the total feature importance, providing insight into the extent to which the model 
relied on each factor for classification.

Classification
Patient prioritisation was carried out exclusively using ensemble learning methods, given their superior 
performance and robustness in complex classification tasks, particularly in high-stakes domains such as 
healthcare. Ensemble models, by aggregating the predictive capabilities of multiple base learners, are known 
to reduce variance (e.g., Random Forest), bias (e.g., boosting methods), and the risk of overfitting compared to 
individual classifiers. Considering the heterogeneous nature of patient data and the critical demand for reliable 
decision-making in emergency prioritisation scenarios, ensemble techniques offer a more resilient and accurate 
foundation for prediction. Accordingly, we benchmarked the Random Forest model against two others widely 
adopted ensemble methods: (i) AdaBoost and (ii) Gradient Boosting, to ensure a comprehensive and balanced 
evaluation of model performance.

Random forest is a non-parametric ensemble learning method that build multiple decision trees and 
aggregates their outputs to enhance predictive performance. During the training phase, several decision trees 
are constructed; the final classification is determined by majority voting across these trees37. This ensemble 
strategy reduces overfitting and improves the model’s generalizability. In this study, Random Forest was applied 
to classify patients as priority or non-priority in the context of health-related emergencies, incorporating a 
comprehensive set of rationing criteria as predictive features.

AdaBoost is a boosting-based ensemble method that combines multiple weak learners, typically shallow 
decision trees, into a single strong classifier. The algorithm iteratively adjusts the weights of training instances, 
placing greater emphasis on those that were misclassified by previous models. The final prediction is derived 
through a weighted majority vote across all learners. AdaBoost is recognised for its simplicity and effectiveness, 
particularly in binary classification tasks38.

Gradient Boosting is a more advanced ensemble technique that constructs decision trees sequentially, with 
each new tree trained to correct the prediction errors of the preceding ensemble. Unlike AdaBoost, which 
reweights misclassified instances, Gradient Boosting optimises a differentiable loss function by fitting each new 
tree to the residuals of the existing model. While it offers greater flexibility and often yields higher predictive 
accuracy than AdaBoost, it typically requires more careful hyperparameter tuning to prevent overfitting39.

Evaluation
Model performance was assessed using standard classification metrics, including accuracy and F-measure. 
Classification accuracy measures the overall proportion of correct predictions (both true positives). The 
F-measure, calculated under both macro and micro-averaging strategies, combines Precision (the proportion 
of correct positive predictions) and Recall (the proportion of actual positives correctly identified). Macro-
averaging treats all classes equally, while micro-averaging accounts for class imbalance by weighting classes 
according to their frequency. Together, these metrics provide a comprehensive evaluation of the model’s 
predictive performance.

To ensure reliable performance estimates and to mitigate the risk of overfitting, we applied stratified 5-fold 
cross-validation. This technique preserves the proportion of priority and non-priority cases within each fold, 
thus supporting a balanced and representative evaluation across all iterations. Hyperparameter tuning was 
conducted via grid search, systematically exploring the following parameter combinations:

Fig. 1.  Proposed method.
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Number of estimators (n_estimators) ∈ {50, 100, 150}.
Maximum tree depth (max_depth) ∈ {10, 15, 20}.
Minimum number of samples required to split an internal node (min_samples_split) ∈ {2, 5}.
The final model configuration, n_estimators = 100, max_depth = 15, min_samples_split = 2, was selected 

based on the best average F1-score obtained across the validation folds.

Graphical user interface (GUI)
A detailed graphical user interface (GUI) was developed to enable healthcare professionals to input patient data, 
specifically, scores from 1 to 5 for each of the nine rationing criteria and receive real-time priority classifications. 
The scale reflects the relevance of each criterion: higher values correspond to greater pain intensity, higher 
expected gains in life expectancy or quality of life, longer waiting times, etc. The system processes these inputs 
and performs a binary classification, assigning each patient to one of two categories: priority (high urgency) 
or non-priority (lower urgency). Alongside the predicted classification, the GUI provides explanatory insights 
regarding the relative importance of the input features and, where applicable, additional patient-specific 
recommendations. This tool facilitates transparent, consistent, and socially informed triage decisions in clinical 
settings.

Inputs of the system: dataset and patient’s prioritisation criteria
Data were collected from 2125 respondents in Portugal through an online questionnaire administered between 
2020 and 2023. After excluding incomplete or unusable responses, the final sample comprises 1984 participants. 
Eligibility criteria required participants to be at least 18 years old and residing in Portugal. A heterogeneous 
sample was sought to maximise variability, using a mixed recruitment strategy. Approximately 44% of the sample 
consisted of university students from diverse academic backgrounds and institutions, while the remainder 
included adults recruited from public spaces. The final gender distribution was 54.4% female and 45.6% male, 
with a mean participant age of 38 years.

The questionnaire presents participants with 18 hypothetical prioritisation scenarios, each involving a 
pairwise choice between two patients - Patient A and Patient B, differentiated by personal or health characteristics. 
Participants were asked to act as decision-makers and indicate their level of preference on a 5-point semantic 
differential scale, with 1 indicating “Definitely Prioritise Patient A,“; 2 denotes “Some Preference for Patient A,”; 
3 represents “No Preference,” 4 indicates “Some Preference for Patient B,“; and 5 means “Definitely Prioritize 
Patient B,“. Details of these hypothetical choices are described in Table A1 in the appendix as supplemantary 
material 1.

Prior to completing the questionnaire, participants were presented with an introductory information sheet 
explaining the study’s purpose, guaranteeing anonymity, and requesting informed consent. Written informed 
consent was obtained from all participants. All procedures were conducted in accordance with ethical standards 
established by relevant institutional and national bodies (DL. 80/2018 de 15 outubro; Regulamento (UE) 
2016/679 do Parlamento Europeu e do Conselho de 27 de abril de 2016; Regulamento da CESUPT de 2 de junho 
de 2020) as well as the Declaration of Helsinki and its subsequent amendments or comparable ethical standards. 
Ethical approval was obtained from the Ethics Committee of Portucalense University (CEI25_04_007).

The questionnaire design was developed and used elsewhere17,24,40. Although the questionnaire is very 
similar to the one used by17, in the present study, we used 18 hypothetical rationing questions (instead of 23), 
and civil society (lay persons) was the target instead of health professionals. Similarly to17, here we subdivide the 
six main rationing criteria (described in detail in17,24 into nine: (1) Clinical need measured in severity that can 
be assessed in (i) pain and (ii) immediate risk of dead - Rule of Rescue (2) Health maximization divided into (iii) 
extending life expectancy and (iv) increasing quality of life; (3) Social need measured into (v) parenthood; (4) 
Age-discrimination – evaluated by a preference for younger over elderly – ageism (vi), (5) Merit evaluated (vi) 
positively - instrumental value, and (vii) negatively as ‘punishment’ for engaging in risky lifestyles, and (6) Fair-
chance evaluated by (viii) waiting time. Each rationing criterion was represented by two hypothetical decision 
scenarios, yielding a total of 18 scenarios reflecting societal preferences, as listed in the final column of Table A1 
in the appendix as supplemantary material 1.

Experiments and results
The experiments conducted provided a comprehensive evaluation of the performance and effectiveness of the 
proposed Vital Priority System. This section details the experimental setup, including the prioritisation criteria 
selected, and the ML techniques applied. We present the results from various tests, highlighting the model’s 
accuracy, precision, and robustness in classifying patients as either priority or non-priority.

These findings are discussed in terms of their practical implications, offering insights into the system’s 
potential contribution to healthcare decision-making. The primary objective of the experiments was to validate 
the model’s capabilities and demonstrate its applicability in real-world healthcare context.

All offline experiments were conducted using the collected dataset. The system operated on a Windows 64-bit 
platform with an Intel(R) Core(TM) i7-8565U CPU @ 1.99 GHz processor, 16 GB of RAM, and a 500 GB SSD 
drive.

The experiments comprise five steps: (i) Pre-processing for classification, (ii) feature selection and importance 
ranking, (iii) classification, (iv) GUI development, and (v) analysis of a case study. All classification models were 
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implemented using the scikit-learn package in Python. All classification models were implemented using the 
scikit-learn package in Python.

Pre-processing for classification
In this initial stage, respondents’ decisions were used to assign labels to each patient. First, we compute the average 
decision score per patient based on inputs from multiple respondents. consolidates the individual opinions into 
a single score for each patient. A classification threshold was then applied: if the average score was below 3, the 
patient was categorised as non-priority; if the average score is above 3, the patient was classified as priority. 
This approach allowed the transformation of continuous scores into binary classification labels. Additionally, 
any entries with missing data were excluded to ensure the reliability and completeness of the dataset. This pre-
processing step ensured that the data used for classification was clean, consistent, and suitable for modelling.

Feature selection and importance
In the second stage, we identified the most relevant criteria that significantly influenced the model’s predictive 
performance In the second stage, we identified the most relevant criteria that significantly influenced the model’s 
predictive performance. Descriptive statistics for the eighteen prioritisation decisions are presented in Table A2 
(Supplemantary material 1). To assess the importance of the various criteria, we applied the SelectKBest method 
using the ANOVA F-value score function. Table 1 summarises the resulting weights assigned to each criterion, 
reflecting their relative influence in the prioritisation process.

Among all features, clinical needs translated into pain and suffering presents the highest weight (17.25%) in 
the final prioritisation of the patient. Efficiency concerns, measured through mortality and morbidity, ranked 
second (14.7%) and fifth (10.4%), respectively. Discrimination by age emerged as the third most important factor 
(11.4%), closely followed by the immediate risk of death (11.1%). Further relevant features included the first-
come, first-served criterion (9.93%) and social need (9.86), both nearly equal in influence as the improvement 
in quality of life (10.39) to improving quality of life. Merit-based considerations ranked sixth and seventh 
in importance. Notably, the negative form of deservingness, which penalises risky behaviours, had a higher 
influence (8.5%) than instrumental value (6.8%).

This contributes to the system’s capacity to provide actionable and equitable guidance.
The careful selection and weighting of these features ensure that the model adopts a balanced and ethically 

grounded approach to patient prioritisation. Each feature was included for its demonstrated relevance in 
healthcare decision-making, thereby enhancing the model’s alignment with societal values. This contributes to 
the system’s capacity to provide actionable and equitable guidance and thus support healthcare professionals in 
making informed and equitable decisions.

Classification ML results
Despite a slightly lower F-measure for class 0 compared to class 1, the classifiers exhibited excellent performance 
in identifying both high- and low-priority patients. These strong results underscore the potential of the models to 
support fair and consistent prioritisation decisions in clinical settings. The classification algorithms were trained 
to predict whether a patient should be prioritised, based on the selected set of features. Class 0 corresponds to 
non-priority patients, while class 1 represents patients deemed to require prioritisation.

As presented in Table 2, the Random Forest classifier consistently outperformed the other ensemble methods 
across all evaluation metrics for both classes. Notably, it achieved the highest precision and recall for class 1 (the 
priority group), which is especially critical in emergency healthcare contexts where minimising false negatives 
is paramount. Its strong performance for class 0 further indicates a reliable capacity to correctly identify non-
priority cases, thus ensuring balanced and trustworthy decision-making.

The Random Forest model achieved an overall accuracy of 99%. Its macro-averaged F-measure of 0.96 
reflects balanced performance across both classes. While the F-measure for class 0 was slightly lower (0.93) than 
for class 1 (0.99), the classifier nonetheless demonstrated excellent discriminatory power. These results affirm 

Criteria Weight (%)

Clinical Need: Pain 17.25

Life expectancy extending 14.73

Age discrimination - ageism 11.42

Clinical Need: Rule of Rescue 11.07

Quality of life increase 10.39

Fair chance: Waiting time 9.93

Social Need: Parenthood 9.86

Merit: Negative 8.53

Merit: Instrumental Value 6.83

Table 1.  Feature importance of the nine prioritisation criteria.
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the model’s utility as a decision-support tool for healthcare professionals engaged in time-sensitive and ethically 
complex prioritisation tasks.

To evaluate the stability of model performance, 95% confidence intervals were calculated across the five cross-
validation folds. For the Random Forest classifier, the F-measure for class 0 (non-priority) was 0.93 ± 0.02, and 
for class 1 (priority), it was 0.99 ± 0.01. These narrow confidence intervals indicate a high degree of consistency 
across validation folds. Additionally, paired t-tests comparing Random Forest with AdaBoost and Gradient 
Boosting revealed statistically significant improvements in macro F-measure (p = 0.03 and p = 0.04, respectively), 
confirming that the superior performance of Random Forest is unlikely to be due to random variation.

From a practical standpoint, the model’s high recall for priority patients (0.99) ensures that critical cases are 
rarely missed, an essential requirement in emergency healthcare settings. Concurrently, the strong precision for 
non-priority patients minimises the risk of unnecessary escalation of low-risk cases, thereby supporting more 
efficient allocation of healthcare resources.

Vital priority system GUI
Figure 2 presents the GUI designed to facilitate the prioritisation process based on multiple criteria. On the 
left side of the interface, users can input patient-specific values (ranging from 1 to 5) for nine different criteria: 
Pain relief, life expectancy, age, rule of rescue, quality of life, waiting time, parenthood, punishment for risky 
behaviours, and instrumental value. These criteria represent key factors in assessing the urgency and justification 
for medical intervention. The right side of the interface displays the result of the classification process, indicating 
whether the patient is considered a priority. In the current configuration, it shows “No Priority Patient.” The 
interface is designed to be clean, user-friendly, and intuitive, allowing healthcare professionals to make rapid and 
accurate prioritisation assessments that reflect societal considerations.

Fig. 2.  Vital Priority System GUI.

 

Model Accuracy Precision Recall F1-measure

Class#0 Class#1 Class#0 Class#1 Class#0 Class#1

AdaBoost 0.96 0.91 0.95 0.90 0.96 0.90 0.95

Gradient Boosting 0.97 0.93 0.97 0.92 0.98 0.92 0.97

Random Forest 0.99 0.95 0.99 0.93 0.99 0.93 0.99

Table 2.  Comparison of ML classifiers.
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Case study
Due to the scarcity of beds and limited human and financial resources, health professionals often face difficult 
decisions regarding patient prioritisation. Using the Vital Priority System, a healthcare professional inputs data 
for three patients with distinct health conditions and social backgrounds as follows:

Patient A is a middle-aged individual experiencing severe pain (rated 5/5). The patient has a high potential 
for life expectancy extension (rated 5/5), with treatment potentially extending life by up to 60%, or 10 years. 
Although patient A’s condition is not immediately life-threatening, it requires attention (rating 2/5). The 
expected improvement in quality of life is substantial (rated 5/5). The patient has been waiting six months for 
treatment (waiting time score: 4/5). As a single parent with dependents, their health is crucial for their family’s 
well-being (parental status: 5/5). His/her illness is not due to negligent behaviour (punishment score: 5/5). The 
patient works for a non-governmental organisation rescuing migrants at sea (instrumental value score: 4/5). 
Middle age contributes a score of 4/5.

Patient B is an elderly individual with moderate pain (rated 3/5). Treatment is expected to increase life 
expectancy by approximately three years (rated 2/5). This patient is in an immediate life-threatening situation 
(rule of rescue: 5/5) yet the anticipated quality of life improvement is minimal (ranked 2/5). He/she has been 
waiting for treatment for three months (waiting time score:3/5). Without dependents (parental status: 1/5), no 
risky lifestyle behaviours (punishment: 5/5), and having led an ordinary life (instrumental value: 1/5), ageism is 
a concern here (age discrimination score: 1/5).

Patient C is a 15-year-old with moderate pain (rated 3/5). The potential for life expectancy extension is 
moderate (rated 3/5). While not in immediate life-threatening situation, the patient requires medical (rule of 
rescue score: 2/5). Quality of life improvement is also moderate (score:3/5). He/she has been waiting for four 
months (waiting time score:3/5), has no dependents (parental status score: 1/5), no risky lifestyles (punishment 
score: 5/5) and due to his/her ordinal life has an instrumental score: 1/5). The patient’s youth contribute with a 
age discrimination score: 5/5.

After inputting these data, the Vital Priority System calculates a priority score for each patient and classifies 
them as either priority or non-priority based on overall health, personal characterises, and societal values 
embedded in the rationing criteria. The system’s recommendations are:

•	 Patient A is classified as a priority due to high scores in pain, life expectancy extension, quality of life improve-
ment, parental status, and instrumental value.

•	 Patient B is classified as non-priority despite the immediate life-threatening condition, owing to lower scores 
in quality-of-life gains and life expectancy extension.

•	 Patient C is classified as non-priority as his/her condition is not immediately life-threatening, with only mod-
erate improvements expected either in mortality or morbidity despite his/her youth.

This case study illustrates how the Vital Priority System integrates multiple criteria to support healthcare 
professionals in making fair, objective, and socially informed prioritisation decisions in resource-limited settings.

Discussion
Rationing is an inherent feature of healthcare systems operating under resource constrains. Prioritising patients 
is inherently complex and ethical challenging, as fair healthcare allocation reflects deeply held societal values 
that vary across individuals and cultures. Therefore, incorporating society’s preferences is essential to ensure that 
patient prioritisation aligns with collective ethical standards.

The primary objective of this study was to identify the criteria on which the Portuguese population bases 
patient prioritisation and to develop a ML driven system reflecting these socially accepted rationing principles. 
Given that this is the first study to create such a prioritisation system within this context, there are no direct 
comparators in the literature.

The Vital Priority System demonstrated excellent performance in classifying patients according to priority, 
reaching an accuracy of 99% and a balanced F-measure across priority classes. This confirms the potential of 
ML, specifically Random Forest classifiers, to support complex healthcare decisions involving multiple ethical 
and social criteria.

The feature selection results align with existing literature emphasizing that illness-related characteristics, 
namely clinical need conceptualized as pain and immediate life threat, intervention effectiveness gauged by 
expected gains in life expectancy and quality of life, and waiting time hold the greatest weight in the prioritisation 
model. Among recipient characteristics, age emerged as the most influential criterion, followed by parental 
status. Conversely, merit-based criteria received the least weight, with a slightly higher priority given to patients 
whose illness was not perceived as self-inflicted compared to those with a socially valuable role.

Despite some methodological differences, the feature selection results align with existing literature 
emphasizing that civil society supports a plurality of rationing criteria26,40,41, extending beyond pure efficiency 
considerations25,26. While some prior research highlights quality of life as more valued than life expectancy42 and 
assigns greater importance to risky lifestyles and deservingness43, our findings diverge by showing life expectancy 
as more heavily weighted than quality of life, with instrumental value and self-inflicted illness carrying relatively 
less influence.

A key strength of our study lies in operationalizing Portuguese societal values into a multi-criteria ML model, 
thereby advancing explicit and socially grounded healthcare rationing frameworks. The case study illustrates how 
the system operationalizes these complex, sometimes conflicting criteria, providing transparent and objective 
prioritisation that aligns with societal values. In particular, the prioritisation of Patient A underscores the system’s 
capacity to balance clinical urgency, potential benefit, and social roles, while appropriately deprioritizing patients 
with lower expected gains or less immediate needs, as in Patients B and C.
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Despite these promising findings, several limitations must be noted. First, the reliance on pre-collected 
societal opinion data means the model inherits existing biases, such as potential underestimation of certain 
groups’ needs. Second, data were collected exclusively from lay persons, omitting perspectives from healthcare 
professionals who are central to applying prioritisation in clinical practice. Third, the sample was not representative 
and was obtained via an online survey, which may introduce selection bias. Robust and equitable ML systems 
require inclusive data collection processes involving key stakeholders, including marginalized groups30, and 
demand transparency in AI application34. Importantly, the aim of this study was not to produce a representative 
population sample but to demonstrate the feasibility of creating an ML-based patient prioritisation system 
rooted in social values. Finally, the current system categorizes patients dichotomously as priority or non-priority. 
In this regard, future enhancements, including the introduction of ordinal priority rankings and incorporation 
of healthcare professionals’ perspectives, will further increase the system’s utility and robustness.

Conclusions
Making explicit healthcare rationing decisions is an unavoidable ethical and operational challenge, especially in 
systems constrained by limited resources. Delegating such decisions solely to healthcare professionals is neither 
fair nor sustainable, as it obscures the value judgements involved and excludes society, the main stakeholder, from 
participating in the rules that govern access to care. This study takes an important step forward by presenting, 
for the first time in the Portuguese context, a machine learning-based patient prioritisation system grounded 
explicitly in societal values. The Vital Priority System is an intelligent, socially informed, multi-criteria decision-
support system that classifies patients as priority or non-priority cases based on values expressed by civil society.

By demonstrating that clinical need, treatment effectiveness, and patient characteristics such as age 
and parental status play significant roles in public preferences, we provide empirical evidence supporting a 
multi-dimensional approach to healthcare prioritisation. These findings contribute to the growing literature 
that recognises public support for ethically pluralistic rationing models, rather than purely efficiency-driven 
frameworks.

The developed Vital Priority System offers practical applications for healthcare decision-making, particularly 
in resource-constrained settings. It provides healthcare professionals with a transparent, objective tool that 
integrates multiple ethically relevant criteria to support equitable and socially aligned prioritisation decisions. 
This system can enhance fairness in patient allocation, improve transparency in decision processes, and 
potentially reduce moral distress among clinicians by aligning rationing decisions with public values.

Its user-friendly interface facilitates its implementation in real-world clinical or policy settings, enabling 
more consistent and socially legitimate decisions. While not intended to replace human judgement, the system 
can serve as a complementary aid in scenarios such as waiting list management, triage in crisis contexts, or the 
allocation of scarce treatments.

In sum, this study presents a novel, empirically grounded approach to integrating societal values into 
healthcare decision-making through artificial intelligence. As healthcare systems increasingly rely on digital 
tools, embedding fairness, transparency and inclusivity into their design becomes not only desirable, but 
essential.

Appendix
Questionnaire design
Suppose that you are behind two patients (A and B) that need treatment; however because of scarcity of 
resources you can only treat one of the patients. Imagine that both patients have the same characteristics except 
the one thing provided in each scenario. Please indicate your decision in accordance with the following degree 
of preference (See Supplemantary material 1):

Data availability
The datasets generated during and/or analysed during the current study are available from the corresponding 
author on reasonable request.
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