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Stroke is one of the leading causes of death worldwide. Understanding the risk factors for post-
stroke mortality is crucial for improving patient outcomes. This study analyzes and predicts post-
stroke mortality using the modified Rankin Scale (mRS), a functional neurological evaluation scale.
Several Machine Learning models were developed and assessed using a dataset of 332 stroke patients
from Hospital de Faro, Portugal, from 2016 to 2018. The Random Forest model outperformed others,
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Risk factors analysis achieving an accuracy of 98.5% and a recall of 91.3. Twenty-four risk factors were identified, with stroke
Stroke severity as the most critical. These findings provide healthcare professionals with valuable tools for
Mortality early identification and intervention for high-risk stroke patients, enabling informed decision-making and

Machine learning
Modified Rankin scale

customized treatment plans. This research advances healthcare predictive analytics, offering a precise
mortality prediction model and a comprehensive analysis of risk factors, potentially improving clinical
outcomes and reducing mortality rates. Future applications could extend to patient monitoring and
management across various medical conditions.

© 2024 Published by Elsevier Masson SAS. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Stroke is a neurological deficit caused by an acute focal injury
of the central nervous system due to vascular reasons. It is the
second leading cause of death worldwide and the primary cause
of disability in adults [8,16,33,34,37,67,71].

In Portugal, despite a recent decline in stroke mortality rates,
cardiovascular diseases persist as the primary cause of death
[41,52]. In 2011, Portugal displayed a standardized mortality rate of
62.64 per 100,000 inhabitants attributable to cerebral vascular dis-
eases, which ranked Portugal as the third European country with
the highest mortality rate in this category. The impact of strokes
resulted in 13,020 deaths and 14,379 potential years of life lost
[41]. In 2019, according to the Global Burden of Diseases, Injuries,
and Risk Factors study, stroke accounted for 16,695 deaths, repre-
senting 14.34% of all deaths attributed to diseases and injuries in
the country that year [26].

The risk of death between four weeks and one year post a
first stroke is five times higher in patients with non-fatal stroke
than in the general population, with a subsequent twofold in-
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crease after one year [16]. Understanding the risk factors of post-
stroke mortality is essential for personalized and early effective
patient care, prevention strategies, resource allocation, advance-
ments in stroke research, and healthcare policies and prognosti-
cation [17,32,35,56,71].

Integrating Machine Learning (ML) in biomedical research, es-
pecially stroke medicine, is gaining popularity for its advanced
analysis and predictive capabilities [60]. By surpassing traditional
regression methods, ML algorithms excel in predicting post-stroke
mortality risk factors [56]. Besides patterns’ identification in com-
plex datasets and human bias reduction, these techniques en-
able efficient analysis of extensive datasets, guiding personal-
ized and precision medicine in stroke care [16]. ML models offer
enhanced performance in prognostic modeling by accommodat-
ing more predictors, utilizing an agnostic approach, and handling
multi-dimensional correlations [56]. Moreover, the collaborative
use of classification algorithms and association rule mining, as seen
in [4] this example, helps better understand how a predictor can
influence the outcome.

The modified Rankin Scale (mRS) is the most widely used func-
tional outcome measure in stroke clinical trials [21,73,77]. It eval-
uates the degree of disability in stroke patients on an ordinal scale,
with seven ordered but unequally spaced categories, ranging from
a score of 0 (no symptoms) to 6 (death) [15,37,66]. In this sense,
this study aims to understand the risk factors for post-stroke mor-
tality, providing possible explanations through ML techniques. As
such, the development of an optimal ML algorithm (objective 1)
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and the identification and analysis of the risk factors (objective 2)
are addressed by the prediction of the mRS. The identification of
risk factors has the potential to allow clinical teams to improve the
outcomes, thus reducing mortality.

This study uses a dataset of 332 stroke patients treated at Cen-
tro Hospitalar Universitario do Algarve - Hospital de Faro, Portugal,
from 2016 to 2018, encompassing 80 distinct variables. The study
involves comprehensive data analysis, pre-processing, feature se-
lection, and testing of various ML models, including tree-based
models, artificial neural networks (ANN), probabilistic models, ker-
nel machines, and ensemble methods. Besides supervised learn-
ing, other techniques are deployed to reveal strong relationships
between attributes, identify main features, reduce dimensionality,
populate minority classes, and provide output explanations, ulti-
mately leading to a mRS score of 6. From a healthcare perspective,
mortality prediction is a valuable tool aiding clinicians in prog-
nosis, care planning, therapy selection, rehabilitation coordination,
counseling, hospital outcome comparisons, and performance as-
sessment related to stroke mortality [16].

2. Literature review

Much has been written about the prognosis after stroke, includ-
ing many studies on short-term survival, recurrence, recovery, life
expectancy, and mortality [33,57]. In this chapter, we address the
post-stroke mortality risk factor identification-related work and
other risk factors related to stroke. Chronologically, we discuss the
identified factors and the different models applied by synthesizing
the related work.

The literature review uses the Scopus database as the primary
resource, ordered by relevance. Searches are focused on key terms
such as ‘Stroke,” ‘Stroke Mortality,” ‘Risk Factors of Post-Stroke Mor-
tality,” ‘Modified Rankin Scale,” and ‘Predicting the Modified Rankin
Scale’ to identify relevant studies. Additionally, to refine the fo-
cus on the Portuguese population, the search queries are sup-
plemented with the inclusion of the term ‘Portugal.’ Upon initial
identification of Portuguese-specific literature, further investigation
is undertaken by scrutinizing references from the most relevant ar-
ticles.

2.1. Post-stroke mortality risk factors identification

The exploration of post-stroke mortality spans several decades
and employs diverse methodologies, shedding light on critical risk
factors associated with poor outcomes. Table 1 summarizes the po-
tential factors leading to death after stroke episodes selected in
some essential research contributions over the years and the tech-
niques used to identify them.

Among the twenty-four studies examined, older age and stroke
severity, such as decreased level of consciousness and dependency,
have emerged as the predominant predictors of mortality following
a stroke, being cited in 18 instances. Subsequently, atrial fibrilla-
tion (AF), diabetes, and prior stroke were featured as predictors in
10 instances. Gender is mentioned nine times, pneumonia eight
times, smoking status and stroke type are identified seven times
each, and hypertension is associated with mortality in 6 instances.

In methodological terms, the studies use various statistical ap-
proaches, from the traditional Cox and Logistic Regression (LR)
models to the advanced ML techniques used more recently. The
evolution of methodologies over time underlines the ongoing ef-
forts to improve prediction accuracy and understand the multifac-
torial nature of post-stroke mortality.

Five articles related to death after stroke are analyzed [2,24,
46,47,63] about the Portuguese population. Of these, most focused
on the analysis of hemorrhagic stroke, leaving a research gap for
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the analysis of both types of strokes (hemorrhagic and ischemic)
in Portugal. There is, therefore, an urgent need to explore more
factors and give consistency to the conclusions reached so far. Fur-
thermore, although the articles are recent, they employ traditional
prediction models, such as the Cox model, and do not follow the
evolution towards ML models, as we observed in most recent liter-
ature.

Although most scientific papers successfully identify singular
risk factors for long - and short-term mortality following a stroke
using significance tests, they often fail to explore the combined ef-
fects of these factors, as they solely concentrate on their indepen-
dent contributions. They also tend to concentrate on identifying
risk factors without delving into how each risk factor specifically
impacts mortality after a stroke. As a result, a research gap exists
in the analysis and comparison of the effects of individual risk fac-
tors on mortality.

2.2. Stroke-related risk factors identification

The relationship between stroke risk factors and post-stroke
mortality is intricate and interconnected. Various risk factors con-
tributing to the likelihood of experiencing a stroke can be the same
risk factors leading to post-stroke mortality [2]. Following stroke,
these risk factors amplify the complications inherent to the event,
such as infections and secondary strokes [75]. The coexistence of
multiple risk factors often creates a cumulative impact, height-
ening the overall risk of mortality post-stroke. Moreover, shared
physiological pathways and interdependencies among these risk
factors further complicate the picture, emphasizing the importance
of simultaneously addressing a spectrum of factors for effective
stroke prevention and improved post-stroke outcomes [2].

Several scientific papers have delved into the complex land-
scape of stroke, exploring risk factors, consequences, and predic-
tive models. Table 2 summarizes the potential factors related to
stroke episodes selected in some vital research contributions and
the techniques used to identify them over the years.

The examination of stroke-related factors from diverse studies
reveals nuanced insights into this complex condition, with contrib-
utors such as hypertension, older age, diabetes, AF, smoking status,
gender, and stroke severity significantly contributing to stroke risk.
Unique risk factors for specific populations are also identified [74].
In parallel, predictive methodologies utilized diverse models, rang-
ing from LR to ML algorithms, emphasizing the need for tailored
approaches [17,41]. These findings collectively underscore the mul-
tifaceted nature of stroke, necessitating a comprehensive under-
standing of various risk factors and diverse analytical approaches
for accurate prediction and management.

Considering both tables, we can state that other stroke-related
consequences share most of the predictors of post-stroke mortality,
meaning that both subjects should be considered together in the
analysis. These common factors are older age, AF, diabetes, gender,
smoking status, and hypertension.

On the one hand, by analyzing Table 2, we are adding confi-
dence to the predictors and extending the considered literature on
models and risk factors to serve as a base for our following sec-
tions. For example, we now know other ML techniques used in
predicting stroke, such as Shapley additive explanations (SHAP),
to interpret the predictors that still were not used in predicting
post-stroke mortality factors in section 2.1 [17,36]. On the other
hand, we are highlighting the possibility of having predictors of
post-stroke mortality that may not be predictors of stroke episode
or recurrence, such as stroke-associated pneumonia (SAP), stroke
severity, cancer, and kidney disease [16,30,45].
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Table 1
Related work on techniques and risk factors for post-stroke mortality.

Reference  Factors Methods

9] Stroke severity, age, marital status, stroke history, and ethnic group. Cox model

[29] Stroke severity, previous stroke, and age. Logistic
Regression (LR)

[31] Rankin score, history of myocardial infarction, stroke type, diabetes, smoking, meat, alcohol, and Cox model

aspirin.

[6] Gender, age, stroke severity, stroke type, ischemic heart disease, hypertension, Atrial Fibrillation (AF), Cox model

diabetes, previous stroke, smoking, and alcohol.

[19] Not using beta-blockers, age, stroke severity, fasting glucose, total cholesterol level, ischemic heart Kaplan-Meier

disease, AF, smoking, total anterior circulation infarct, and Stroke-associated pneumonia (SAP). statistics, Cox
model, LR

[22] High mRS, gender, age, diabetes, smoking, hypertension therapy, AF, and depressed mood. Cox model

[61] Age, and AF. Cox model

[45] Acute ischemic stroke, SAP, intracerebral hemorrhage, recurrent stroke, myocardial infarction, cancer, Univariate and

age, hypertension, coronary disease, NIHSS, undetermined stroke etiology, comorbidities, Multivariate
hyperglycemia, AF, signs of ischemia, dense artery sign, proximal vessel occlusion, and thrombolysis. comparisons

[11] Age, gender, hypertension, diabetes, smoking, blood pressure, stroke severity, stroke type, AF, glycaemia, LR, ANN,

heart failure, coronary heart disease, myocardial infarction, history of cerebrovascular disease, transient multivariate
ischemic attack, and hemorrhagic characteristics. discriminant
analysis

[20] Short-term risk: medication, hypocholesterolemia and previous stroke. Naive Bayes,
Decision Tree
(DT), LR

Intermediate-term risk: age, AF and heart failure, socio-demographics, stroke type, and severity.

[39] SAP, and urinary infections. Poisson and
Cox models

[47] Age, vitamin K antagonists, Glasgow Coma Scale (GCS), hematoma volume, intraventricular dissection, Kaplan-Meier

and pneumonia. and LR

[46] Age, stroke severity, discharged to nursing units, re-hospitalization, pneumonia, cardiovascular Kaplan-Meier

complications, non-respiratory infections; neoplasia; and recurrent stroke. and Cox model

[23] Dysphagia, and SAP. Cox models

[30] AF, age, myocardial infarction, gender, chronic heart failure, smoking, cancer, previous stroke, time from  ANN, Random

onset to admission, medication history, NIHSS, statin, antiplatelet, anticoagulation, systolic/diastolic Forest, LR
blood pressure, previous diseases, hemoglobin, pre-stroke mRS, white blood cell count, hypertension,
platelet count, diabetes, prothrombin time, hypercholesterolemia, glycaemia, and metabolic syndrome.

[57] Age, gender, and mRS. -

[2] Gender, age, functional status, and internal hospitalization length of stay. Kaplan-Meyer
method, Cox
model

[56] Age, length of the follow-up, stroke severity, time from onset to rehabilitation, renal dysfunction, AF, Random Forest,

and diabetes. SMOTE

[63] Age, gender, stroke severity, and pneumonia. Kaplan-Meier,
LR

[64] AF. Cox model

[24] Unconsciousness, time from onset to hospital admission, hematoma volume, intraventricular extension, LR

and emergency time.
[76] SAP. Bayesian
[69,70] Age, gender, symptom onset time, hypertension, diabetes, smoking, alcohol, antiplatelet, Support Vector
anticoagulation, GCS, and systolic/diastolic blood pressure. Machine (SVM),
LR
[16] Age, gender, severe stroke subtype, glucose, AF, coronary artery disease, congestive heart failure, cancer, =~ ANN, SVM,
dementia, kidney disease, and dependency pre-stroke. Random Forest,
SMOTE

LR - Logistic Regression; ANN - Artificial Neural Networks; DT - Decision Tree; SMOTE - Synthetic Minority Oversampling Technique; SVM -
Support Vector Machine; GCS - Glasgow Coma Scale; AF - Atrial Fibrillation; SAP - Stroke-associated pneumonia.

3. Methodology

This section presents the general framework for this study. After
focusing on the business understanding phase, we are now focus-
ing on the following three phases of the Cross Industry Standard
Process for Data Mining: Data Understanding, Data Preparation,
and Modelling [12]. Fig. 1 provides the design diagram for this

study.

Data
Understanding

Data Modellin Evaluate Identify risk
Preparation 9 best models variables

Analyse risk
variables

Fig. 1. Proposed protocol.

3.1. Data understanding

The dataset for this study consists of 332 stroke patients ad-
mitted to Centro Hospitalar Universitario do Algarve—Hospital de
Faro, Portugal, from 2016 to 2018. It covers 80 different variables,
including automatic administrative data, sociodemographics, usual
medication, pre-stroke history, characteristics on admission, com-

plications during hospitalization, and biomarkers on admission.



D. Castro, N. Antonio, A. Marreiros et al.

Neuroscience Informatics 5 (2025) 100181

Table 2
Related work on techniques and risk factors connected to stroke.
Reference  Prediction Factors Methods
[52] Length of Gender, paralysis, and intracerebral hemorrhage. LR
hospital stay
[49] Stroke Hypertension, diet risk score, regular physical activity, smoking, diabetes, alcohol, waist-to-hip LR
ratio, psychosocial stress, depression, and cardiac causes.
[10] SAP Age, gender, neurologic deficit severity, and longer hospitalization. -
[75] Recurrent History of coronary heart disease, severe stenosis or occlusion of large cerebral artery, and Cox model
ischemic stroke multiple acute cerebral infarcts.
[41] Stroke Age, gender, race, family history, Hypertension, AF, dyslipidemia, smoking habits, and diabetes. -
[13] Stroke Genetic risk factors: AF, coronary artery disease, blood pressure regulation, pericyte and -
smooth muscle cell development, coagulation, carotid plaque formation, and
neuro-inflammation.
[48] Stroke Hypertension of 140/90 mm Hg or higher, regular physical activity, apolipoprotein, diet, LR
waist-to-hip ratio, psychosocial factors, current smoking, cardiac causes, alcohol consumption,
and diabetes.
3] Stroke in young Hypertension, low physical activity, smoking, and alcohol consumption. -
adults
[28] Stroke Diabetes, hypertension, age, and gender. SVM, LR, Tree,
and Ensemble
[78] Recurrent Coronary heart disease, AF, hyperlipidemia, hyperhomocysteinemia, improper diet, overwork, LR
ischemic stroke emotional excitement, body mass index, retinal vessel structures and arterial-venous ratio.
[35] Stroke in Gender, age, personal history of hypertension, diabetes, current smoking, high y-glutamyl LR
farmers transferase, and metabolic syndrome components.
[58] Stroke Diabetes, age, duration of type 2 diabetes, estimated glomerular filtration rate, blood pressure, LR, LASSO
lipid levels, body mass index, uric acid, and glycosylated hemoglobin Alc.
[59] Stroke in Diabetic nephropathy, hypertension, diabetes, and dyslipidemia, dialysis introduction, elderly, -
dialysis patients past stroke history, AF, hyperparathyroidism, hyperhomocysteinemia, obesity, serum albumin
value, serum phosphate levels, anemia, hypocalcemia, hypercytokinemia, high-sensitivity
C-reactive protein, concentration of asymmetric dimethylarginine, disordered lipid
metabolism, dialysis technology, vascular access, use of anti- coagulant.
[74] Stroke Age, arterial hypertension, AF, diabetes, hyperlipidaemia, past transient ischemic attacks, LR
recurrence cerebral atherosclerosis, white matter lesions, and cardiac disease and retinal characteristics.
[27] Infection Dysphagia, vitamin D deficiency, age, cigarette smoking, and the use of proton pump -
post-stroke inhibitors, H2 receptor antagonists, and benzodiazepines.
[67] SAP Cerebral hemorrhage, indwelling nasogastric tube, and high neutrophil-to-lymphocyte ratio. -
[17] Stroke Age, heart disease, average glucose level, and hypertension. PCA, SMOTE,
ANN, DT, RF,
SVM, LASSO
and ElasticNet
[34] Stroke Carotid intima-media thickness, age, gender, hypertension, cigarette smoking, diabetes, and -
hypercholesterolemia.
[40] Stroke in AF, hormone therapy, psychosocial risk factors, and cognitive impairment. -
elderly woman
[76] SAP Mechanical ventilation, AF, pre-existing respiratory disease, smoking, pre-existing heart -
disease, stroke severity, stroke-induced immunodepression and dysphasia.
[62] SAP GCS, prolonged emergency room stay and hyperactive delirium. LR
[71] length of stay NIHSS, AF, receiving thrombolytic therapy, history of hypertension, diabetes, previous stroke ANN
in hospital history.
[69] Stroke Total cholesterol, serum creatinine, systolic blood pressure, age, heart disease, white blood Bagging and
cells, hypertension and history of stroke. Boosting
[36] Stroke Hypertension, history of transient ischemia, and history of stroke. LR, SVM, Light
Grading
Boosting,

XGBoost, SHAP

LR - Logistic Regression; SVM - Support Vector Machine; LASSO - Least Absolute Shrinkage and Selection Operator; PCA - Principal Component Analysis;
SMOTE - Synthetic Minority Oversampling Technique; ANN - Artificial Neural Networks; DT - Decision Tree; RF - Random Forest; XGBoost - Extreme
Gradient Boosting; SHAP - SHapley Additive exPlanations; GCS - Glasgow Coma Scale; AF - Atrial Fibrillation; SAP - Stroke-associated pneumonia; NIHSS

- National Institutes of Health Stroke Scale.

Table 3 presents the description of each variable. All patient data
has been desensitized.

Fig. 2 shows the skewed class proportions that make this
dataset imbalanced. For example, according to the mRS, nine times
more people are evaluated at level 4 than at level 1. Nevertheless,
the most important category for this study is well represented,
with more than a seventh of the data. More specifically, of the
332 patients, 61 died a few days after having a stroke.

3.2. Data preparation

The data preparation phase has five core tasks: selecting, clean-
ing, constructing, integrating, and formatting data [55]. Fig. 3 sum-

marizes the procedures used to prepare the data for the modeling
part.

The dataset was initially cleaned by removing only columns
with missing values. Subsequently, the last two columns containing
comments were merged. The “ID_patient” column was dropped,
and the “Epis6dio” column was set as the index. Columns and
their respective values were translated into English, with “N/D”
and “N/A” replaced with appropriate missing values.

New features have been created from columns with dates be-
cause these alone do not help to predict mortality, but perhaps,
as time intervals, they can lead us to some conclusions. These are
“DU_HAD,” “DU_SUAD,” and “DU_DD,” representing the duration
until the hospital admission date from the ictus date, the duration
until the stroke unit admission date from the hospital admission
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Table 3
Variable description.

Feature Description

ID_patient Number of patient ID

Episode Number of the Hospital Episode
Hospitalization_Date Date of hospitalization in Stroke Unit
Entry_Date Date of hospital entry

Entry_Place

Days at Stroke Unit
Exit Reason

Exit Date
Hospitalization Time
ICTUS Date
SDD_Gender
SDD_Age

SDD_SII

UM_DOAC
UM_VKAs

UM_Stopped taking medication

UM_PAI
UM_Benzodiazepines
UM_PPI

UM_Statines

UM_ Anti-hypertension

UM_Anti-Diabetic
UM
PSH_Smoking
PSH_Hypertension
PSH_Stroke
PSH_IHD
PSH_T2DM
PSH_AA

PSH_MH
PSH_Rankin
PSH_AF

COA_BP
COA_NIHSS
COA_territory
COA_ thrombolysis
COA_thrombectomy
SH_RI

SH_TC

SH_UI

SH_CIH

Rankin_2

RHAD

BOA_RBC
BOA_Hemoglobin
BOA_Hematocrit
BOA_MCV
BOA_MCH
BOA_RDW
BOA_Leukocytes
BOA_Neutrophils
BOA_Lymphocytes
BOA_Monocytes
BOA_Eosinophils
BOA_Basophils
BOA_Platelets
BOA_MPV
BOA_PTC
BOA_PDW
BOA_PT

BOA_INR
BOA_D_dimers
BOA_BNP
BOA_Troponin_I
BOA_DCCT
BOA_Glycaemia
BOA_AST
BOA_ALT

BOA_Na

BOA_K

BOA_ToC
BOA_LDL
BOA_HDL
BOA_triglycerides
BOA_TP

Urgency, Intensive Care Unit, Observation Room
Number of days at Stroke Unit
Discharged, Other Units, Other Hospitals, Death
Exit Date
Number of hospitalization days
Date of stroke episode
Patient’s gender
Patient’s age
Does the patient receive social integration income?
Does the patient take Direct Oral Anti-Coagulants?
Does the patient take Vitamin K Antagonists?
Does the patient stopped to take VKAs?
Does the patient take Platelet Aggregation Inhibitor?
Does the patient take Benzodiazepines?
Does the patient take Proton Pump Inhibitor?
Does the patient take Statines?
Does the patient take Anti-hypertension?
Does the patient take Anti-Diabetic?
Usual Medication
Is the patient a smoker?
Does the patient have hypertension?
Does the patient had already a previous stroke?
Does the patient had already an Ischemic Heart Disease?
Does the patient have Type 2 diabetes mellitus?
Is the patient alcoholic?
Pre stroke medical history (other diseases or episodes)
The modified Rankin scale level of the first stroke
Does the patient have Atrial Fibrillation?
Blood pressure
Patient’s level according to the National Institutes of Health Stroke Scale
Basilar / Right | Left Middle Cerebral Artery
Has the patient undergone thrombolysis?
Has the patient undergone thrombectomy?
Has the patient had Respiratory Infection during hospitalization?
Has the patient had Thrombotic Complications during hospitalization?
Has the patient had Urinary Infection during hospitalization?
Are there any other complications during the hospitalization?
Level of the Modified Rankin Scale after the stroke episode (target variable)
Re-Hospitalization After Discharged?
Red Blood Cells
Hemoglobin
Hematocrit
Mean Corpuscular Volume
Mean Corpuscular Hemoglobin
Red Cell Distribution Width
Leukocytes
Neutrophils
Lymphocytes
Monocytes
Eosinophils
Basophils
Platelets
Mean Platelet Volume
Percutaneous transhepatic cholangiography
Platelet Distribution Width
Prothrombin Time
International Normalized Ratio
D-dimers
Brain natriuretic peptide test
Troponin [
Diabetes Control and Complications Trial
Glycaemia
Aspartate transaminase
Alanine transaminase
Sodium
Potassium
Total Cholesterol
Low-Density Lipoprotein
High-Density Lipoprotein
Triglycerides
Total Protein
(continued on next page)
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Table 3 (continued)

Feature Description
BOA_BUN Blood Urine Nitrogen
BOA_Creatinine Creatinine
BOA_UA Uric Acid
BOA_CPA Cardiopulmonary Arrest
BOA_FT4 Free Thyroxine Test
BOA_TSH Thyroid Stimulating Hormone
80 1
)
- 601
o
[}
Q
—
o
g 40
€
=5
2
20 A

0 1 2 3 4 5 6
the modified Rankin Scale

Fig. 2. The modified Rankin Scale class distribution.

date, and the duration until the discharge date from the stroke
unit admission date, respectively.

Inconsistencies, writing errors, and values were corrected, and
object columns were replaced with suitable int/float columns [55].
Binary variables were adjusted to a 1 or 0 format, and qualita-
tive data values were grouped accordingly [71]. Two new columns,
“COA_PB1” and “COA_PB2”, were generated to store the first and
second blood pressure values, respectively. Text columns were
transformed, with NIHSS converted from categorical attributes to
the proper numerical values, and the counts of usual medication
pills and medical history were extracted and categorized [42]. Data
quality was ensured by checking for duplicates and expected range
values.

Finally, columns deemed unnecessary for analysis were dropped,
including “Entry_Date”, “Hospitalization_Date”, “Exit_Date”, “IC-
TUS_Date”, “COA_BP”, “UM”, “PSH_MH”", and “SH_CIH". Besides,
“Exit_Reason” and “DU_DD” were discarded due to data leakage
since one of the reasons for leaving is death, which is also the goal
we want to predict the moment a person enters the hospital and
not after days of hospitalization. Table 4 and Table 5 describe the
50 numerical and 27 categorical dependent features that remain
after the feature engineering. Discrete variables are presented as
counts (n) and percentages (%), and continuous variables are pre-
sented as mean and standard deviation [70].

To prepare the data for the modeling part, one hot encoding
was performed for the categorical variables [71]. When dealing
with missing values, 6 columns, and 10 rows were dropped be-
cause their percentage of missing values equaled or exceeded 40%
[53]. For columns with a missing ratio lower than 0.4, the cate-
gorical values were filled in with the mode because there were
few missing values, and the numerical values were filled in with
K-Nearest Neighbors (KNN) imputer [53]. The choice of 30 nearest
neighbors was taken because a small K may result in noise being
introduced into the imputed values, while a large K may lead to
over smoothing and loss of important patterns in the data [5].

Neuroscience Informatics 5 (2025) 100181

Table 4

Statistics of numerical variables.
Feature Mean Standard

Deviation

SDD_Age 72.6 124
PSH_Rankin 0.3 0.7
COA_NIHSS 14.8 6.4
BOA_RBC 4.6 0.5
BOA_Hemoglobin 136.0 171
BOA_Hematocrit 0.4 0.0
BOA_MCV 89.3 6.7
BOA_MCH 29.8 2.6
BOA_RDW 143 21
BOA_Leukocytes 9.1 31
BOA_Neutrophils 6.5 3.0
BOA_Lymphocytes 1.7 0.9
BOA_Monocytes 0.7 0.3
BOA_Eosinophils 0.1 0.1
BOA_Basophils 0.1 0.1
BOA_Platelets 2117 64.3
BOA_MPV 9.7 14
BOA_PTC 0.2 0.1
BOA_PDW 16.3 1.8
BOA_PT 123 29
BOA_INR 11 0.3
BOA_D_dimers 2470.0  5693.9
BOA_BNP 320.5 561.3
BOA_Troponin_I 99.5 749.6
BOA_DCCT 6.1 14
BOA_Glycaemia 1325 55.5
BOA_AST 333 239
BOA_ALT 24.8 23.0
BOA_Na 138.6 3.0
BOA_K 4.2 0.5
BOA_ToC 188.5 51.3
BOA_LDL 122.0 45.5
BOA_HDL 46.9 121
BOA _triglycerides 107.8 67.5
BOA_TP 6.7 0.7
BOA_BUN 21.8 10.1
BOA_Creatinine 1.0 0.5
BOA_UA 6.1 19
BOA_CPA 12.0 26.3
BOA_FT4 1.0 0.2
BOA_TSH 14 19
DU_HAD 0.2 0.8
DU_SUAD 0.0 0.1
COA_BP1 154.0 26.5
COA_BP2 84.0 16.1
UM_count 2.8 29
UM_category 14 1.0
PSH_MH_count 3.7 2.6
PSH_MH_category 2.2 0.9
SH_CIH_category 16 11

Data normalization was performed using Min-Max Scaler tech-
nique to ensure uniformity across features [69]. Two methods of
dealing with outliers were tested [72]. One treatment was to bin
all the numerical features into 3 bins according to the Decision
Tree (DT) Regressor best-split criteria, making a model less sensi-
tive to outliers. The choice of 3 bins is influenced by two important
considerations. Firstly, an increasing number of bins potentially al-
lows for a finer resolution in terms of scale and the possibility of
identifying the relative change in the importance of risk factors
over smaller intervals [20]. However, by increasing the number of
bins, one reduces the statistical sample in each bin, thereby poten-
tially losing statistical significance [20]. The other method was to
change outliers’ values, identified based on a threshold of 3 times
the interquartile range to a random value from either 0 to 10%
or 90% to 100% of the data accordingly [69]. Given the low uni-
variance, exceptions were made for ‘PSH_Rankin’, ‘DU_HAD’, and
‘DU_SUAD’ to avoid null univariance of the variable.

Feature selection techniques help to find the optimal subset
of relevant features, avoid overfitting, improve the prediction ac-
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Transform Text Columns; Create Duration Columns; One Hot

Encoding

Drop Columns and Rows with a missing ratio > 0.4; Fill in
Categorical Columns with Mode; Fill in Numerical Columns with

KNN imputer

Min-Max Scaler

quartile

Univariate Analysis, Spearman and Kendall’s correlation, ANOVA,

LASSO, Chi-Square

Fig. 3. Data preparation summary.

Table 5
Statistics of categorical variables.

Feature Category Count Percentage
SDD_Gender Male sex 193 58.1%
SDD_SII Yes 91 27.7%
UM_DOAC Yes 21 6.3%
UM_VKAs Yes 18 5.4%
UM_Stopped_taking_medication  Yes 3 0.9%
UM_PAI Yes 89 26.8%
UM_Benzodiaz Yes 41 12.3%
UM_Statines Yes 101 30.4%
UM_Anti_hypertension Yes 192 57.8%
UM_Anti_Diabetic Yes 53 16.0%
UM_PPI Yes 58 17.5%
PSH_smoking Yes 54 16.3%
PSH_hypertension Yes 203 61.1%
PSH_stroke Yes 50 15.1%
PSH_IHD Yes 59 17.8%
PSH_T2DM Yes 63 19.0%
PSH_AA Yes 38 11.4%
PSH_AF Yes 93 28.0%
COA_thrombolysis Yes 175 53.0%
COA_thrombectomy Yes 39 11.7%
SH_RI Yes 104 31.5%
SH_TC Yes 5 1.5%
SH_UI Yes 59 17.8%
RHAD Yes 65 21.6%
SH_CIH_binary Yes 278 83.7%
Entry_Reason Emergency 326 98.2%
Entry_Reason Intensive 6 1.8%

Care/

Observation

Room
COA_territory LMCA 172 51.8%
COA_territory RMCA 144 43.4%
COA_territory Basilar 16 4.8%

curacy of classifiers, and provide faster and more cost-effective
models [69]. As so, multiple techniques were employed, including
univariate analysis, analysis of variance (ANOVA), Spearman and
Kendall’s correlation, Chi-Square, and Least Absolute Shrinkage and
Selection Operator (LASSO) [17,36,45,58]. Regarding ANOVA, Chi-
Square, and Kendall’'s method, variables with a P-value of <0.05
were considered statistically significant [30].

The idea here is not to already identify risk factors for post-
stroke mortality but rather to eliminate redundant and irrelevant
variables that are clearly not candidates for risk factors [68]. There-
fore, variables with little statistical evidence that have an absolute
Spearman correlation value with other variables higher than 0.75
are discarded [25].

3.3. Modeling

Most scientific papers group in favorable and poor outcomes
when predicting the mRS [21,30,65,70]. In this study, we are also

predicting the mRS by grouping it as a binary classification prob-
lem where mRS = 6 is 1, and the other levels of the mRS are O.
But additionally, we are predicting the mRS both as a categorical
target and as an ordinal regression to create a model capable of
distinguishing the different levels.

The tenfold cross-validation was used to prevent overfitting,
whereby 90% of cases are randomly selected as the training set and
the remaining 10% as the testing set. This procedure is repeated
five times to obtain the average results [70]. Alternatively to re-
peated stratified k-fold cross-validation, the leave one out method
was used to provide a robust and unbiased estimation of the model
performance given the small dataset by iteratively training the
model on all but one data point and testing it on the omitted point
[68].

For both classification problems, techniques such as LR, Gaus-
sian Naive Bayes, KNN, DT, Ridge classifier, Bagging, RF, Adaboost
and Synthetic Minority Oversampling Technique (SMOTE) were
used [14,16,20,28,29,56]. For the regression problem it was used
Linear, Robust, Ridge, LASSO, Elastic Net, Stochastic Gradient De-
scent, RF, SVM Regressors and ANN [17].

Table 6 details the models and their inputs. All models were
performed using version 1.1.2 of the Scikit Learn package, with the
exception of ANN, which was created using version 2.12.0 of the
TensorFlow package [1,51].

After testing different combinations of models, input variables,
SMOTE, cross-validation, and outlier methods, the highest R-square
was used to assess correlation in the regression problem [14,50].
For the classification problems, the highest Recall and F1 scores
were obtained, leading to the automatic identification of risk vari-
ables of mortality post-stroke [38].

Besides ranking feature importance and checking binary fea-
tures with high support, when analyzing risk factors, model-
specific methods such as LionForests and model-agnostic meth-
ods such as SHAP were used to provide outcome explanations
[18,36,43,44,54].

4. Results and discussion

This chapter presents the performance of the models developed
in this study. Additionally, it identifies and analyzes risk factors
both independently and collectively. Finally, it creates one general
risk profile and discusses the variables and ML models in relation
to those found in the literature review.

A total of 332 patients were registered during the study period.
After excluding 10 (3%) patients with missing laboratory tests or
clinical data, the mean age of the patients included was 72.8 +
12.4 years and 57.8% were men. Of the 322 patients, 58 (18%) have
died shortly after having a stroke.

The Random Forest (RF) model performed significantly better,
when predicting mortality, than the remaining models, as it was
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Table 6

Models and its inputs.
Model Inputs
LogisticRegression() penalty=[‘12", ‘11", ‘elasticnet’, None], solver=[‘lbfgs’, ‘newton-cg’, ‘sag’, ‘saga’], max_iter=[100, 1000], tol=[0.1, 0.0001], C=[1, 10]
GaussianNB() var_smoothing=[10, 1.5, 1, 0.5, 0.1, 0.01, 0.015, 0.001, 0.0001, 0.00001]

KNeighborsClassifier()
DecisionTreeClassifier()
RidgeClassifier()
BaggingClassifier()

RandomForestClassifier()

AdaBoostClassifier()
LinearRegression()
RANSACRegressor()
HuberRegressor()
TheilSenRegressor()
Ridge()

Lasso()

ElasticNet()
SGDRegressor()
ANN
RandomForestRegressor()
SVR()

algorithm=[‘brute’, ‘auto’], n_neighbors=[1, 5, 10, 15, 16, 20, 25], p=[1,2], weights=[‘uniform’, ‘distance]

max_depth=[5,6,7,8], criterion=[‘log_loss’, ‘entropy’, ‘gini’]

‘alpha’=[0.8], ‘solver’=[‘svd’, ‘cholesky’, ‘Isqr’, ‘sparse_cg’, ‘sag’, ‘saga’], ‘class_weight’=[‘balanced’]
‘base_estimator’=[RidgeClassifier(), LogisticRegression(), KNeighborsClassifier(n_neighbors=15), GaussianNB(var_smoothing=10)],
‘bootstrap’=[True, False], ‘bootstrap_features’=[True, False]

‘bootstrap’=[True, False], ‘max_depth’=[2, 6, 10, 15, 20, 60, 80, None], ‘max_features’=[‘sqrt’, ‘log2’, None], ‘n_estimators’=[40, 80,
100, 200, 300], ‘min_samples_split'=[5, 10, 25, 50, 100, 200], warm_start=[True, False]

‘base_estimator’=[RidgeClassifier(), Logistic Regression()], ‘learning_rate’=[0.01, 0.1, 0.4, 0.7, 1], ‘n_estimators’=[40, 150, 400]
fit_intercept=True, positive=False

min_samples=50, max_trials=100, loss="absolute_loss’, residual_threshold=[10, 60]

epsilon=7, alpha=0.9, warm_start=True

fit_intercept=True, max_iter=300

solver="cholesky’

alpha=0.00001, positive=False

alpha=0.01, 11_ratio=0.4

loss="squared_error’, penalty="12’, alpha=0.0001, 11_ratio=0.15

4 middle dense layers with 32, 64, 128, 512 neurons respectively, ReLU activation function, Adam optimizer, loss="mse’, epochs=100

criterion="absolute_error’, bootstrap=False, warm_start=[True,False], n_estimators=2000
Kernel=[‘rbf, ‘linear’, ‘poly’, ‘sigmoid’, precomputed’], C=[1, 100], gamma=[‘auto’, 0.1, ‘scale’], coef0=[0, 1]
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Table 7

Binary classification evaluation performance.
Model F1 Precision  Accuracy  Recall
LogisticRegression() 55.8%  46.4% 79.2% 72.6%
GaussianNB() 481%  33.2% 64.7% 89.5%
KNeighborsClassifier() 54.2%  41.6% 75.3% 80.6%
DecisionTreeClassifier() 42.4%  341% 72.3% 59.1%
RidgeClassifier() 54.8%  43.9% 773% 76.1%
BaggingClassifier() 56.0%  47.9% 79.9% 70.8%
RandomForestClassifier()  94.6% 100.0% 98.5% 91.3%

Table 8

Multiclass classification evaluation performance.
Model F1 Precision  Accuracy  Recall
LogisticRegression() 36.3% 36.3% 36.3% 36.3%
GaussianNB() 34.8% 34.8% 34.8% 34.8%
KNeighborsClassifier() 32.9%  32.9% 32.9% 32.9%
DecisionTreeClassifier() 30.1% 30.1% 30.1% 30.1%
RidgeClassifier() 271% 29.3% 29.7% 29.7%
BaggingClassifier() 332%  33.2% 33.2% 33.2%
RandomForestClassifier()  49.3%  50.2% 55.8% 55.8%
AdaBoostClassifier() 29.3%  29.4% 33.5% 33.5%

found in [56] and [65], contrary to other studies where ANN had
better results, probably due to the size of the dataset [30]. Never-
theless, RF was a disruptive model in predicting post-stroke mor-
tality in Portugal, reaching 98.4% of accuracy and 91.4% of recall
in the training set and 98.5% of accuracy and 91.3% of recall in the
test set, as it shows Table 7 and Table 8. Tables 8 and 9 report met-
rics for multiclass classification and mRS regression for the test set,
respectively.

The input variables that led to the best performance of the bi-
nary RF model are the risk factors of post-stroke mortality. They
are ‘SDD_Gender’, ‘SDD_SII', ‘PSH_hypertension’, ‘COA_thrombol-
ysis’, ‘COA_thrombectomy’, ‘SH_RI’, ‘RHAD’, ‘PSH_Rankin’, ‘COA_
NIHSS', ‘BOA_Hemoglobin’, ‘BOA_Hematocrit’, ‘BOA_MCH’, ‘BOA_
RDW’, ‘BOA_Eosinophils’, ‘BOA_PDW’, ‘BOA_INR’, ‘BOA_Troponin_I’,
‘BOA_Glycaemia’, ‘BOA_ALT’, ‘BOA_Na’, ‘BOA_K’, ‘DU_HAD’, ‘UM_
count’, and ‘SH_CIH_category’.

Fig. 4 shows the feature importance ranking. The most im-
portant feature when predicting the outcome was stroke severity
level, as it was found in [2,6,9,11,16,19,22,24,29-31,45,47,56,57,
63], and [70]. However, variables like age, AF, and smoking status

Table 9
Regression evaluation performance.
Model MAE MSE RMSE  R-Square
LinearRegression() 1.082 1.992 1.407 33.8%
RANSACRegressor() 1.082 1992 1.407 33.8%
HuberRegressor() 1.075 1.988 1.404 33.9%
TheilSenRegressor() 1.083 2.011 1412 33.1%
Ridge() 1.082 1990 1.406 33.9%
Lasso() 1.082  1.992 1.407 33.8%
ElasticNet() 1.073 1.987 1.404 34.0%
SGDRegressor() 1.074 1.989 1.405 33.9%
ANN 1.301 2744  1.649 8.9%
RandomForestRegressor()  0.127 0306 0.412 89.9%
SVR() 1102 2.051 1.426 31.8%
Table 10
Death variables with support of 0.5 or more.
Feature Support
SH_CIH_binary 0.948
ohc_BOA_ALT_bin_6.0-31.0 0.879
PSH_hypertension 0.690

ohc_BOA_PDW_bin_14.9-17.1 0.655
SH_RI 0.569
ohc_BOA_MCH_bin_28.8-31.4  0.500

were discarded from the risk factors, contrary to most scientific
papers analyzed in the literature review [36].

The binary variables present in at least half of the deaths are
listed in Table 10.

To understand the specific impact of individual features on
post-stroke mortality, rank variables, identify outliers, analyze the
spread and magnitude of SHAP values, and compare features, an
overall SHAP feature plot is constructed and shown in Fig. 5. All
factors are listed on the vertical axis ranked by SHAP importance
[36]. X-axis represents the SHAP value, which indicates the degree
of change in log odds. The color of each point on the graph rep-
resents the value of the corresponding numerical feature, with red
indicating high values and blue indicating low values. For a spec-
ified binary factor, each point indicates a patient to whom that
factor applies (in red) or does not apply (in blue) [36].

The right side of a patient in red means it has the impact
to cause death, as it happens with the “COA_NIHSS”, “BOA_Gly-
caemia”, “SH_RI", “SH_CIH_category”, and “DU_HAD” variables. This
means that a higher value of stroke severity, glycemia, days from
stroke event until hospital admission date, number of complica-
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tions during the hospitalization, and the presence of respiratory
infections are more likely to lead to mortality.

The opposite occurs with “RHAD” and “SDD_SII,” where a
higher value corresponds to a negative SHAP value. This means
that people who were previously hospitalized or receive social
income tend to negatively affect the output by staying alive. In
addition, a SHAP value near 0 means that the corresponding factor
makes a small contribution to the development of stroke [36].

After analyzing the entire dataset, we can examine it row by
row to identify and characterize individual risk and healthy pro-
files. For example, Fig. 6 shows a force plot for a single patient
who died after suffering a stroke. E[f(x)] = 0.1791 indicates the
base value of shake of the overall sample [36]. The three most de-
cisive factors contributing to death were, by order, the respiratory
infection, the level of glycemia, and the alanine transaminase value
at admission. On the other hand, despite not being strong enough,
the red cell distribution width value had a negative impact, con-
tributing to survival.

Finally, the SHAP value for the first patient is 0.74 (shown in
bold in the upper right corner). This patient’s illness is substantial
compared with the value of E(x) [36]. Therefore, this individual
meets the definition of post-stroke death.

In LionForests, the interpretations are presented in the form of
rules [43]. Each rule is a conclusive set of conditions about the
features that affect an instance’s prediction [43]. LionForests im-
plements feature and path reduction approaches to provide more
minor rules containing conditions with broader ranges [43]. For
example, the first patient’s outcome can be explained by the fol-
lowing rule:

‘if 15.5 <= COA_NIHSS <= 215 & 145.5 <= BOA_Glycaemia <=
538.0 & 31.65 <= BOA_MCH <= 38.1 & 4.002 <= BOA_K <= 4.052
& 13.8 <= BOA_RDW <= 14.95 & 135.5 <= BOA_Na <= 138.0 &
69.358 <= BOA_Troponin_I <= 421.142 & 147.5 <= BOA_Hemoglobin
<= 156.0 & 6.0 <= BOA_ALT <= 17.383 & 0.465 <= BOA_Hematocrit
<=0.52 & 16.35 <= BOA_PDW <= 17.15 & 1.08 <= BOA_INR <=14 &
2.5 <= UM_count <= 5.5 & 0.5 <= SH_RI <= 1.0 & 0.0 <= RHAD <=
0.5 & 0.0 <= SDD_SII <= 0.5 then Dead’

This rule reduced the number of identified risk factors from
24 to 16. It also limited the interval range of the numerical fea-
tures combined with the presence of a respiratory infection during
hospitalization, the absence of a social integration income, and a
re-hospitalization.

This study showcased the efficacy of ML models in accurately
forecasting post-stroke mortality and elucidating its contributing
factors, thereby achieving the set research goals. By delving deeper
into explanatory techniques, it surpasses previous research [69].

5. Conclusion

Stroke ranks among the top causes of death, underscoring the
pressing need to pinpoint and assess the factors contributing to
mortality in stroke patients [41]. This study aimed to craft an effec-
tive ML model for predicting mortality and elucidating the impact
of each factor, both individually and in combination with others.

RF was the model that outperformed, identifying the risk
factors Alanine Transaminase, Counting Recurrent Complications,

10

Counting Recurrent Pills, Days Until Hospital Admission, Eosinophils,
Gender, Glycaemia, Hematocrit, Hemoglobin, Hypertension, Inter-
national Normalized Ratio, Mean Corpuscular Hemoglobin, Platelet
Distribution Width, Potassium, Pre-stroke Rankin, Red Cell Dis-
tribution Width, Re-hospitalization, Respiratory Infection, Sodium,
Social Integration Income, Stroke Severity, Thrombectomy, Throm-
bolysis, and Troponin I values at admission.

Through this study, a comprehensive examination was con-
ducted to understand the individual and collective impact of fac-
tors on stroke outcomes. This entailed establishing guidelines that
delineate risk profiles and scrutinizing trends regarding the effect
of altering variable values on outcomes. Three novel approaches
were introduced to enhance post-stroke mortality analysis in Por-
tugal. Firstly, it identifies prevalent variables in over fifty percent
of fatalities, considering the two types of strokes: hemorrhagic and
ischemic. Secondly, it explains straightforwardly how each risk fac-
tor influences mortality using SHAP. Lastly, it proposes rules that
connect different factors to determine the outcome for each indi-
vidual [36,43,44].

This study advances academia and research by enhancing
healthcare predictive analytics with a precise mortality prediction
ML model by identifying several risk factors, confirming stroke
severity as the main one, and excluding other potential factors
found in the literature review, such as age, AF, and smoking status,
and by providing a more comprehensive analysis of risk factors
than previous studies. This study also has implications for health-
care professionals, as it equips them with early identification and
intervention tools for high-risk stroke patients. They can make
informed decisions and create customized treatment plans, poten-
tially improving clinical outcomes and reducing mortality.

This study is not without limitations. First, this is a single-
center study of a single region with a small sample size, which
limits generalization [46,64]. Second, despite internal cross-valida-
tion, the lack of external validation means overfitting cannot be
ruled out [56]. Third, while ML can outperform traditional meth-
ods, their clinical implementation can be complex [56]. Fourth, the
dataset has undergone various pre-processing steps like removing
and imputing missing data, reducing the sample size even more,
and introducing bias and uncertainty to interpretations. Last, the
dataset is imbalanced, and RF tends to be biased toward the ma-
jority class because it aims to reduce overall impurity [7]. The
splitting criteria will lead to suboptimal splits that do not ade-
quately separate the minority class. As such, features distinguish-
ing the majority class may seem overly important, while those
distinguishing the minority class might be underrepresented. Fu-
ture research should include multi-center and multi-region studies
validated with independent datasets to enhance generalizability
across different populations. Increasing sample sizes will provide
more robust and reliable results, creating precise rules for defining
high-risk profiles.
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