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Abstract. Machine learning (ML) is transforming clinical medicine by enabling
the analysis of complex datasets to identify predictive patterns. This capability
makes ML particularly valuable in neurology for prognosticating outcomes in
complex conditions like stroke. This paper presents a prediction system for clin-
ical risk stratification in stroke patients using ML and open-source data. The
system utilizes a comprehensive panel of clinical and laboratory data, including
hematological, metabolic, and inflammatory markers, to predict the patient’s
condition. Two ensemble algorithms, Random Forest and XGBoost, were devel-
oped and compared. The results demonstrate the feasibility of this approach in
enhancing prognostic accuracy.

1. Introduction

Stroke imposes a substantial burden on the Brazilian healthcare system, ranking among
the leading causes of death and long-term functional disability in the country. Pub-
lic health data confirm that stroke is consistently one of the top causes of mortality in
Brazil, highlighting the urgent need to improve clinical approaches for this condition
[dos Santos et al. 2025]. In this context, the ability to accurately and early stratify risk and
predict clinical outcomes is a cornerstone for optimizing patient care. The successful im-
plementation of such predictive systems relies on modern technological frameworks capa-
ble of collecting and processing patient data, such as those based on the Internet of Things
(IoT) and machine learning for continuous patient monitoring [Bezerra et al. 2025].

Conventional prognostic assessment in stroke, while anchored in factors such as
age and neurological scales, offers a limited view of the complex systemic dysregula-
tion that follows acute brain injury. The present study proposes a data-driven approach,



analyzing a comprehensive panel of ten routine biomarkers that reflect critical pathophys-
iological axes. This panel includes markers from the complete blood count (hemoglobin,
hematocrit, platelet and white blood cell counts), the metabolic and renal profiles (glu-
cose, creatinine), the coagulation panel (PT, PTT), and electrolytes (sodium, potassium).

Each of these panels provides a window into a distinct physiological system. The
complete blood count informs on oxygen-carrying capacity, inflammatory status, and
thrombotic potential. Metabolic and renal markers reflect acute stress and vital organ
function. Coagulation parameters are crucial for assessing hemorrhagic or thrombotic
risk, while electrolytes are fundamental for neuronal and cardiac homeostasis. The in-
terdependence among these ten markers creates an analytical challenge that transcends
traditional regression models, justifying the use of machine learning (ML) methodolo-
gies like Random Forest and XGBoost, which are capable of modeling these complex
interactions [Tam et al. 2019, Mitsios et al. 2018, Jiang et al. 2024].

This paper presents a predictive framework for prognostication in stroke patients,
using machine learning to elucidate clinical risk from a set of serum biomarkers. The
primary objective is to develop a system capable of stratifying patients into different risk
levels while comparing the performance of two state-of-the-art ensemble algorithms, Ran-
dom Forest and XGBoost, aiming to enhance prognostic accuracy and the quality of care.
To achieve this, the framework operates in a two-stage process: it first tackles a regression
task to forecast the values of the biomarkers, and subsequently applies a heuristic to these
predictions to stratify patients into clinical risk levels. These two algorithms were selected
as they represent the two leading and highest-performing ensemble learning approaches
for tabular data: bagging (Random Forest) and boosting (XGBoost). The direct compar-
ison between their distinct methodological philosophies provides a robust benchmark for
the present prediction task. However, a contribution of this work extends beyond model
development to include the creation of an interactive web application. This tool is de-
signed to translate the model’s complex predictions into a visual and easily interpretable
format, serving as a prototype of a clinical decision support system for real-time use.

The remainder of this paper is organized as follows. Section 2 presents the related
works available in the literature. Section 3 provides an overview of prominent concepts
for understanding the proposed approach. In Section 4, the methodology is explained.
Section 5 demonstrates the practical application of the proposed solution and presents the
results of the model evaluation. Finally, Section 6 concludes this study and shows future
research directions.

2. Related work

This section presents a review of recent research efforts that apply ML techniques to
prognosis and risk stratification in patients with stroke. The studies are organized around
key methodological approaches, such as the performance comparison between different
algorithms, the optimization of clinical workflows, and the focus on specific populations
or data sources. These works contribute to the understanding of current capabilities and
limitations in the field and serve as a basis for identifying the distinctive contributions of
the approach proposed in this study.

A significant line of research focuses on the empirical comparison of algorithms
to determine the highest-performing architecture for specific tasks. [Wu and Fang 2020],



for example, focused on the challenge of predicting stroke with imbalanced data from
an elderly population. They compared three models (Logistic Regression, SVM, and
Random Forest) and demonstrated that the use of data balancing techniques was crucial
for improving performance, achieving a maximum AUC of 0.72 with the Regularized
Logistic Regression model.

Similarly, [Abujaber et al. 2024] sought to predict a long-term outcome, one-year
mortality post-stroke, using data from a national registry. Upon comparing five algo-
rithms, they identified that a more traditional model, Logistic Regression, outperformed
the others, highlighting that more complex architectures do not always guarantee the best
result. Seeking even greater optimization, [Huang et al. 2023b] explored a more com-
plex ensemble methodology. Their objective was to predict post-stroke mortality using
a stacked ensemble approach, which combines the predictions from multiple base algo-
rithms to feed a final meta-model. Another research thrust directs ML toward the opti-
mization of clinical workflows and large-scale risk identification. Focusing on real-time
application in the emergency department, [Zheng et al. 2022] developed a model whose
objective was the rapid diagnosis of ischemic stroke. Using 15 routine variables, their
XGBoost-based model was able to identify the presence of stroke with very high accu-
racy (AUC > 0.90), demonstrating the potential of ML as a diagnostic support tool in
emergency settings.

Finally, several studies delve into specific populations, outcomes, or data sources
to generate more targeted insights. [Zhu et al. 2023] demonstrates a multifaceted appli-
cation of ML, using data from the MIMIC-IV database not only to predict mortality with
high precision but also to apply interpretability techniques (SHAP) to analyze how dif-
ferent patients respond to specific treatments, such as the use of warfarin. Aligned with
open science, [Huang et al. 2023a] also utilized open-access databases (MIMIC-IV and
elCU). Their objective was to develop an interpretable model to predict 28-day mortality
in a specific population of hypertensive stroke patients in the ICU. By comparing five
ML models, they found XGBoost to be the top performer and, through SHAP analysis,
identified 11 important predictors, including RDW, glucose, and white blood cell count.

Table 1 presents a comparative summary of the reviewed literature on the appli-
cation of machine learning for stroke prognostication. An analysis of the table highlights
diverse methodological approaches. Several studies focus on the performance comparison
of multiple algorithms, with findings indicating that simpler models like Logistic Regres-
sion can outperform more complex architectures in certain contexts [Wu and Fang 2020,
Abujaber et al. 2024], while others demonstrate the superiority of advanced ensemble
models like XGBoost for specific tasks [Zheng et al. 2022, Huang et al. 2023a]. A grow-
ing trend is the use of open-access data combined with interpretability techniques (SHAP)
to predict outcomes and analyze treatment effects, as demonstrated by [Zhu et al. 2023]
and [Huang et al. 2023a].

Unlike the aforementioned studies, our approach carves a distinct niche. While
prior studies explore a wide range of variables, apply interpretability, or focus on specific
outcomes such as rapid diagnosis, our work uniquely combines three core pillars in an
integrated manner: (1) the direct performance comparison between Random Forest and
XGBoost; (2) the exclusive use of a focused panel of ten low-cost, routine serum biomark-
ers; and (3) the application on open-source data to ensure maximum reproducibility.



Table 1. Summary of related work.

Multiple Open App
Work Models Data  Biomarkers SHAP  vigualization ML Techniques
[Wu and Fang 2020] v - v - - RLR, SVM, RF
[Abujaber et al. 2024] v - - Vv - Logistic Regression
[Huang et al. 2023b] - - 4 4 - Stacked Ensemble
[Zheng et al. 2022] v - v Vv - XGBoost
[Zhu et al. 2023] v V4 v v - Multiple ML models
[Huang et al. 2023a] v Vv Vv Vv - XGBoost
This Work v Vv v Vv Vv Random Forest, XGBoost

3. Background

This section introduces essential concepts to better understand this work.

3.1. Serum Biomarkers in Stroke Assessment

A modern prognostic assessment in stroke must transcend clinical and anatomical scores,
incorporating biomarkers that reflect the body’s pathophysiological response to cerebral
insult. Certain routinely available serum biomarkers offer a window into this systemic
dysregulation. This study, therefore, utilizes a comprehensive panel of ten routinely
available biomarkers, selected to represent four critical pathophysiological axes: hema-
tologic, metabolic/renal, coagulation, and electrolyte [Desai et al. 2023]. Each of these
panels provides distinct information. The hematologic panel, which includes hemoglobin,
hematocrit, platelet, and white blood cell counts, offers information into oxygen carry-
ing capacity, inflammatory status, and thrombotic potential. Metabolic and renal mark-
ers [Hemmati et al. 2025] reflect the acute stress response and vital organ function, both
strongly linked to patient outcomes [Zhang et al. 2023]. The coagulation panel, consist-
ing of prothrombin time (PT) and partial thromboplastin time (PTT), is essential for as-
sessing the underlying risk of bleeding or thrombotic events. Finally, electrolytes such
as sodium and potassium are crucial for neuronal and cardiac homeostasis, with imbal-
ances often signaling serious complications such as cerebral edema or cardiac arrhyth-
mias [Pelouto et al. 2024]. The integrated analysis of these ten markers across four dis-
tinct physiological systems provides a comprehensive and robust overview of the patient’s
condition, forming a solid foundation for a data-driven prognostic model.

3.2. The Random Forest Algorithm

Random Forest is a robust and widely used ensemble learning method that operates on
the principle of bootstrap aggregating (bagging) to generate a final prediction with high
accuracy and stability [Breiman 2001]. Its architecture consists of constructing a "for-
est" composed of hundreds or thousands of decision trees. The process begins with the
creation of multiple bootstrap samples from the training dataset, which are subsets of
data generated by random sampling with replacement. A decision tree is then trained on
each of these samples. A crucial element that differentiates Random Forest from tradi-
tional bagging is the introduction of a second layer of randomness: at each node of the
tree, when evaluating a split, only a random subset of the predictor variables is consid-
ered. This process, known as feature subspace sampling, forces diversity among the trees,
thereby decorrelating them. By preventing a few highly predictive features from dominat-
ing all the trees, the model is forced to explore a broader set of predictors, thus becoming



more robust. The final prediction for a new instance is obtained by aggregating the results
from all trees in the forest, through a majority vote for classification problems or by aver-
aging for regression tasks. Its main advantages are its strong resistance to overfitting and
its intrinsic ability to provide an estimate of variable importance (feature importance), a
feature of great value for clinical interpretability.

3.3. The XGBoost (Extreme Gradient Boosting) Algorithm

XGBoost (Extreme Gradient Boosting) is an optimized and scalable implementation of
the gradient boosting algorithm, which has established itself as one of the leading meth-
ods for tabular data [Chen and Guestrin 2016]. Unlike Random Forest, which builds trees
in parallel, XGBoost employs a sequential and additive approach. The process begins
with a simple model (an initial tree), and at each iteration, a new tree is trained specif-
ically to correct the residual errors of the preceding model. The “Gradient” in its name
refers to the fact that this correction is guided by a gradient descent optimization process
on a predefined loss function. The “Extreme” in its name is derived from several system
and algorithmic optimizations that make it superior to traditional implementations. The
most important of these is the inclusion of regularization (both L1 and L2 terms) in the
objective function, which penalizes model complexity and provides sophisticated control
over overfitting. Furthermore, XGBoost is designed for computational efficiency, with ca-
pabilities for parallelized tree construction and optimized routines to handle missing data
natively. By virtue of its precision, efficiency, and flexibility in hyperparameter tuning,
XGBoost frequently achieves state-of-the-art performance in data science competitions
and is a primary choice for developing high-performance predictive models in complex
clinical scenarios.

3.4. Evaluation Metrics

The performance of the developed predictive models, Random Forest and XGBoost, was
rigorously evaluated using three key regression metrics. Each metric provides a com-
plementary view of the model’s goodness-of-fit and error magnitude. The Coefficient of
Determination (R?, Equation 1) quantifies the proportion of the variance in the target vari-
able that is predictable from the input features. To assess the magnitude of error, the Mean
Absolute Error (MAE, Equation 2) calculates the average absolute difference, while the
Root Mean Squared Error (RMSE, Equation 3) gives higher weight to larger prediction
errors.
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4. Methodology

The methodology of this study was structured into four distinct, sequential stages to en-
sure rigor and reproducibility, from data acquisition to final risk stratification. The work
was conducted as a retrospective cohort study using the publicly available Medical Infor-
mation Mart for Intensive Care (MIMIC-IV) database [Johnson et al. 2021].

The first step consisted of Cohort Definition and Variable Selection. In this phase,
the final cohort of 2,306 adult patients with a primary diagnosis of stroke upon ICU ad-
mission was selected. Two sets of variables were defined: (1) the 10 predictor variables,
comprising demographic and clinical patient data; and (2) the 10 target variables, repre-
sented by a panel of routine laboratory biomarkers (glucose, creatinine, hemoglobin, etc.)
reflecting the metabolic, renal, hematological, and coagulation axes. In the second step,
Preprocessing and Feature Engineering, the raw data was prepared for modeling. This
phase included handling missing values via median imputation and encoding categorical
variables. The key step here was feature engineering, where the temporal nature of the
laboratory data was converted into a static feature vector by computing four descriptive
statistics (mean, standard deviation, minimum, and maximum) for each biomarker over
the observation period.

The third step involved Model Training and Comparative Evaluation. The dataset
was partitioned into training (70%), validation (10%), and test (20%) sets at the patient
level to prevent data leakage. The input data were then normalized using a StandardScaler.
Subsequently, the Random Forest and XGBoost models were trained and optimized for
each of the ten regression tasks. The performance of both was rigorously compared on
the test set using R%, MAE, and RMSE metrics, which allowed for the identification of
Random Forest as the consistently superior algorithm. Finally, in the fourth and final
step, the Clinical Risk Stratification System was implemented. Using exclusively the
predictions from the Random Forest model (the winner of the previous step), a three-
step heuristic system was applied: (1) a predicted value was classified as an “anomaly”
if it exceeded the 85th percentile of the test’s normal distribution; (2) a “Physiological
Instability Index” (PII) was calculated for each patient by summing their anomalies; and
(3) patients were classified as “High Risk™ if their PII was 5 or greater.

5. Results

This section details the findings obtained from the methodological pipeline. The anal-
ysis initially explores the intrinsic relationships among the predictor variables through
a collinearity analysis (Section 5.1). Subsequently, the quantitative performance of the
Random Forest and XGBoost models is presented and comparatively evaluated (Section
5.2). This is followed by a visual inspection of the top-performing model to further char-
acterize its predictive accuracy (Section 5.3). To elucidate the model’s decision-making
process, a global feature importance analysis is then detailed (Section 5.4). Finally, the
section concludes by presenting the interactive tool developed as a proof-of-concept for
the practical application of the predictive framework (Section 5.5).

5.1. Analysis of Predictor Collinearity

A Pearson correlation analysis was conducted to quantify the linear associations among
the ten predictor biomarkers in the study. The results are visualized in the correlation ma-
trix presented in Figure 1, where the magnitude and direction of the correlation for each



variable pair are represented. The analysis revealed an expected high collinearity between
Hemoglobin and Hematocrit (R = 0.97), consistent with their physiological interdepen-
dence. Correlations of moderate magnitude were observed between the coagulation pa-
rameters PT and PTT (R = 0.38), and between Creatinine and Potassium (R = 0.32). In
contrast, the majority of variable pairs representing distinct pathophysiological axes, as
evidenced by the relationship between Glucose and Hemoglobin (R =0.01), demonstrated
low to no linear correlation.

The presence of multicollinearity, such as that identified between Hemoglobin
and Hematocrit, can impact the coefficient stability and interpretability of conventional
regression models. However, the tree-based ensemble algorithms selected for this work,
Random Forest and XGBoost, are inherently robust to this phenomenon. Their recursive
partitioning structure and, in the case of Random Forest, the random sampling of features
at each node, mitigate the adverse effects of collinearity on the model’s predictive perfor-
mance. Additionally, the low correlations among the other biomarkers are methodologi-
cally advantageous, suggesting that each variable contributes a largely orthogonal source
of information. This indicates that the selected panel is informative and non-redundant,
providing a rich basis for the machine learning models to capture complex and non-linear
interactions for risk stratification in stroke.
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Figure 1. Collinearity Analysis among the Predictive Biomarkers.

5.2. Comparative Performance Analysis of Predictive Models

As detailed in Table 2, the comparative performance analysis between the ensemble mod-
els revealed that Random Forest consistently outperformed XGBoost in most of the pre-
diction tasks. The Random Forest model achieved the highest Coefficients of Determina-
tion (R?) for nine out of the ten variables analyzed. Performance was particularly strong
in the prediction of hematological markers, with an k2 of 0.930 for Hemoglobin and 0.926
for Hematocrit, indicating that the model was able to explain over 92% of the variance in
this data. The prediction of PT (R? = 0.901) was also noteworthy. In contrast, the per-
formance of Random Forest was relatively lower, although still robust, for the Potassium
(R? = 0.842) and White Blood Cells (R? = 0.843) variables.



The XGBoost model also demonstrated high predictive capability, achieving com-
petitive R? values greater than 0.89 for several variables, such as PT, Sodium, and Creati-
nine. For the PTT variable, XGBoost obtained a performance identical to that of Random
Forest (R? = 0.896), suggesting that for this specific task, both models have similar effi-
cacy. However, in contrast to the stability of Random Forest, XGBoost exhibited a sharp
performance drop in the prediction of White Blood Cells, with an R? of only 0.688, which
is considerably lower than the 0.843 achieved by Random Forest for the same variable.
Regarding the error metrics (MAE and RMSE), both models exhibited similar magnitudes
for most variables, indicating that while Random Forest better explains the data’s variance
(higher R?), the average absolute error of the predictions was comparable between the two
algorithms.

Table 2. Comparative Performance of Random Forest and XGBoost.

Random Forest XGBoost
Clinical Variables R MAE RMSE R MAE RMSE
Glucose 0.870 9.762  29.55 0.836 10.50 33.16
Creatinine 0.899 0.140 0.600 0.892 0.145 0.619
Hemoglobin 0.930 0.265 0.627 0.925 0.277 0.648
Hematocrit 0.926 0.773 1.828 0.922 0.831 1.878
Platelet Count 0.893 1394 37.95 0.889 1435 38.63
PT 0.901 0.900 3.608 0.896 0941 3.699
PTT 0.896 1355 5.093 0.896 1.442 5.087
Sodium 0.894 0.693 1.721 0.891 0.719 1.745
Potassium 0.842 0.140 0.362 0.837 0.145 0.368
White Blood Cells  0.843  0.863 4.517 0.688 0.988 6.359

5.3. Visual Performance Analysis of the Top-Performing Model

This visual analysis focuses exclusively on the Random Forest model, a decision priori-
tized by its consistent and statistically superior performance over the XGBoost model, as
established in the preceding quantitative evaluation. To complement the aggregate met-
rics, a qualitative assessment of the model’s predictive behavior was conducted via the
scatter plots presented in Figure 2. Each plot maps the model’s predicted values (y-axis)
against the actual values from the test set (x-axis), with the line of identity (y=x) serving
as the benchmark for a perfect prediction. The distribution and density of the data points
relative to this diagonal offer a granular view of the model’s performance.

Overall, the plots reveal a high degree of fidelity between the predicted and ac-
tual values, visually corroborating the high Coefficients of Determination (R?) reported
previously. The model’s predictive accuracy was particularly pronounced for the hema-
tological markers. In the cases of Hemoglobin and Hematocrit, the data points form a
dense, homoscedastic cluster with minimal residual variance around the line of identity,
indicating consistently low prediction error. In contrast, the predictions for White Blood
Cells and PTT exhibit considerably greater dispersion, with a noticeable tendency for un-
derprediction at higher leukocyte counts. This visual pattern is consistent with the lower
R? values observed for these variables. Furthermore, the scatter plot for Glucose reveals
a distinct pattern of heteroscedasticity, wherein the variance of the residuals increases
proportionally with the magnitude of the actual value. This granular visual assessment
complements the global performance metrics, offering a more nuanced understanding of
the model’s behavior and identifying specific areas of differential performance across the
range of biomarker values.



RandomForest - Glucose RandomForest - Creatinine

RandomForest - Hemoglobin

NN w
s & 8
LN
g

Predicted
o
8
3
Predicted

&
Predicted

10

8
200 5 6
a
0 0
0 200 400 600 800 1000 1200 0 5 10 15 20 25 30 4 6 8 10 12 14 16 18
Actual Actual Actual
RandomForest - Hematocrit RandomForest - Platelet Count RandomForest - PT
0 1200 "
140
1000 o o
50 e 120
800 p e »
™ 100 o
g0 g »* 3 o
g g g 2
5 g o0 5 w0 ol
& & & »
30 400 60 .
.
.
40 —*
20 200
20
*” 0
20 30 40 50 60 o 200 400 600 800 1000 1200 20 40 60 80 100 120 140
Actual Actual Actual
RandomForest - PTT RandomForest - Sodium RandomForest - Potassium
170 10
P - -
140 s Pt
. 160 - .
“e

&g

Predicted
©
&
Predicted
Predicted

20 40 60

80 100 120 140 110 120 130 140 150 160 170 2 4
Actual Actual

6
Actual

RandomForest - White Blood Cells

250

Predicted

0 50 100 150 200 250 300 350 400
Actual

Figure 2. Random Forest Prediction Plots.

5.4. Global Feature Importance Analysis

SHAP (SHapley Additive exPlanations) is a model-agnostic, game-theoretic approach
used to explain the output of any machine learning algorithm. The technique quantifies
the marginal contribution of each feature to the prediction for a specific instance, ensuring
a consistent and fair credit attribution. To assess the global importance and directional
impact of each biomarker on the Random Forest model’s predictions, a SHAP analysis
was conducted. Figure 3 presents the SHAP summary plot, where features are ranked
vertically by their mean absolute SHAP value.

The analysis identifies Hematocrit, Creatinine, and Glucose as the features with
the highest global importance. The plot also reveals the directional effect of each feature;
for example, it is observed that high values of Hematocrit (red instances) are predomi-

nantly associated with positive SHAP values, contributing to an increase in the model’s
output.
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Figure 3. SHAP Feature Importance Summary Plot for the Random Forest Model.

5.5. Interactive Tool for Predictive Biomarker Analysis

To translate the modeling results into a practical solution, an interactive web application
was developed, the prototype of which is presented in Figure 4, to serve as a clinical
decision support system. The tool offers two complementary functionalities for patient
analysis: individual biomarker trend forecasting and multisystem risk stratification. The
first functionality, trend forecasting, allows a clinical user to select one of the ten analyzed
biomarkers and define a time horizon. The application then uses the pre-trained model
to generate and visualize a forecast of the marker’s future trajectory, comparing it against
the patient’s historical data. This analysis provides a granular view of the likely evolution
of a specific pathophysiological axis.

“% Stroke Risk Biomarker Forecasting

Prediction Trend Analysis for Biomarker: 51221
Controls

51221

Figure 4. Clinical Decision Support Prototype.

Complementing this, the second functionality implements a holistic risk stratifi-
cation system. This system utilizes the model’s predictions for the entire biomarker panel
through a three-step process. First, an “anomaly” is defined as a predicted value exceed-
ing the 85th percentile of the test’s normal distribution. Second, a PII is calculated for
each patient by summing the total number of detected anomalies. Finally, patients are
classified as “High Risk™ if their PII is equal to or greater than 5. The application of this
pipeline on the test set resulted in the identification of 44 patients (out of 462) who met



this criterion, demonstrating the system’s ability to segment a subgroup with pronounced
multisystem dysregulation. The development of this functional prototype constitutes one
of the central translational contributions of this study, bridging the gap between predictive
modeling and practical clinical application.

6. Conclusion

This paper presented a comparative benchmark analysis of the ML algorithms Random
Forest and XGBoost for the task of predicting a panel of ten serum biomarkers in stroke
patients using data from the open-source MIMIC-1V database. The results revealed a con-
sistent performance superiority. For the prediction of most laboratory markers, the Ran-
dom Forest model achieved lower error metrics and a higher Coefficient of Determination
(R?). The subsequent stratification analysis showed that this model’s predictions, when
translated into a Physiological Instability Index (PII), were able to effectively identify a
high-risk subgroup (n = 44) with pronounced multisystem dysregulation, demonstrating
that the accuracy of the base model is fundamental to the efficacy of derived risk systems.

This study demonstrates, therefore, that the selection of the ML algorithm is a crit-
ical factor in developing robust prognostic tools. The optimal choice lies in the balance
between predictive performance and the ability to integrate predictions into a clinically
interpretable framework, and the proposed methodology, which combines a regression
model with the PII score, serves as a practical guide for this decision-making process. As
future work, the analysis will be extended to validate the framework in Brazilian health-
care cohorts, to investigate the direct association between the PII and observed clinical
outcomes, and to evolve the web application prototype into a fully integrated clinical de-
cision, so that new studies are necessary in order to test the applicability of this model
thought clinical trials.
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