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Abstract: Stroke constitutes a significant public health concern due to its impact on mortality and
morbidity. This study investigates the utility of machine learning algorithms in predicting stroke and
identifying key risk factors using data from the Suita study, comprising 7,389 participants and 53
variables. Initially, unsupervised K-prototype clustering categorized participants into risk clusters,
while five supervised models including Logistic Regression (LR), Random Forest (RF), Support
Vector Machine (SVM), eXtreme Gradient Boosting (XGBoost), and Light Gradient Boosted Machine
(Light-GBM) were employed to predict stroke outcomes. Stroke incidence disparities among identified
risk clusters using the unsupervised K-prototype clustering method are substantial, according to the
findings. Supervised learning, particularly RF was a preferable option because of the higher levels of
performance metrics. The Shapley Additive Explanations (SHAP) method identified age, systolic
blood pressure, hypertension, estimated glomerular filtration rate, metabolic syndrome, and blood
glucose level as key predictors of stroke, aligning with findings from the unsupervised clustering
approach in high-risk groups. Additionally, previously unidentified risk factors such as elbow joint
thickness, fructosamine, hemoglobin, and calcium level demonstrate potential for stroke prediction.
In conclusion, machine learning facilitated accurate stroke risk predictions and highlighted potential
biomarkers, offering a data-driven framework for risk assessment and biomarker discovery.

Keywords: stroke; supervised machine learning; unsupervised machine learning; logistic regression;
random forest; support vector machine (SVM); eXtreme Gradient Boost (XGBoost); light gradient
boosted machine (Light-GBM); K-prototype clustering; shapley addictive explanations (SHAP)

1. Introduction

Stroke is a major global health concern, with high rates of disability and mortality worldwide. In
2019, stroke was responsible for 11% of the 55.4 million deaths worldwide [1]. According to the Global
Stroke Factsheet published in 2022, the risk of stroke has increased by 50% in the last 17 years [2].
Stroke incidence, mortality, prevalence, and disability-adjusted life years (DALY) have also increased
significantly over the past few decades [2]. The economic burden of stroke is also substantial, with
global direct and indirect costs totaling US$891 billion in 2017 [3].

Early detection of stroke risk by predictive models can enable early intervention and prevention,
reducing the severity of stroke events. Predictive models can improve stroke patient outcomes,
including reduced morbidity and mortality, and enable personalized therapy. Furthermore, stroke
prediction can inform resource allocation and prioritization of preventive measures in communities
where they are most needed. Prediction models can also provide insights into the underlying causes of

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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stroke, leading to the development of new treatments and preventative measures. Thus, research on
the prediction of stroke and the identification of high-risk populations is crucial.

Population-based cohort studies have been used to identify stroke risk, which follows a specific
population over time, and collect data on various factors such as demographics, medical history,
lifestyle habits, and disease outcomes. However, conventional risk scores have limitations due to the
complex interactions among diverse factors in real-life situations. Machine learning (ML) algorithms
can provide a technical solution to these difficulties by automatically selecting the most important
features and variables, reducing the need for manual feature selection. Additionally, ML algorithms
can be trained on large datasets and typically achieve greater accuracy than traditional statistical
methods, especially for complex interactions between variables, making them more generalizable to
new and unexplored data.

While ML techniques have been used in increasing cardiovascular event-related studies in recent
years, they remain a relatively unexplored topic in stroke research [4-7]. Therefore, combining
unsupervised and supervised ML techniques to identify high-risk groups is essential for stroke
prediction. Additionally, the SHAP approach can be utilized to determine the importance of
independent variables with stroke and explore the potential of unidentified risk factors for stroke
prediction.

In summary, this study aims to explore the role of machine learning techniques in predicting
stroke incidence and uncovering novel risk factors. Through a comprehensive ML-driven analysis, we
endeavor to enhance our understanding of stroke risk assessment and contribute to the development
of effective preventive strategies.

2. Materials and Methods

2.1. Study Participants

The Suita Study, a prospective population-based cohort study, was conducted in Suita city, located
in northern Osaka, Japan. The study design and selection criteria have been previously described
[8,9]. Between 1989 and 1999, the study enrolled 7672 men and women aged 30 to 84 years who
did not have clinical cardiovascular disease at baseline. The participants were selected from the
municipality population registry and followed for an average of 15 years until their first stroke,
myocardial infarction (MI), death, or relocation. All participants who agreed to participate in the Suita
study provided informed consent.

Data were prospectively collected, including demographics, medical history, medical imaging
and laboratory data, lifestyle habits, and outcome. Data collection is described elsewhere. These
evaluations are the baseline examination for the present investigation [8,9].

2.2. Outcomes

The diagnosis of stroke, a binary outcome, was made using computed tomography and magnetic
resonance imaging based on the criteria established by the US National Survey of Stroke.

2.3. Risk Factors and Additional Measurements

The baseline measurements were collected prior to the occurrence of stroke events. The
participant’s blood pressure (BP) was measured through a standardized protocol for accuracy and
precision, utilizing a mercury column sphygmomanometer and a suitable cuff. Participants were
instructed to rest for at least 5 minutes before their initial BP measurement to establish a stable
baseline. To ensure proper observation and recording, two separate BP readings were taken at
intervals greater than one minute and averaged. Hypertension was defined as systolic blood pressure
> 140mmHg, diastolic blood pressure > 90 mmHg, or using antihypertensive medications. Body
mass index (BMI) was calculated as weight (kg) divided by the square of height (m?). As part
of the baseline evaluation, routine blood tests were performed, measuring serum total cholesterol,
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high-density lipoprotein cholesterol as well as glucose levels. Non-HDL cholesterol was calculated by
total cholesterol concentration minus high density lipoprotein cholesterol. Diabetes was defined as
fasting plasma glucose > 126 mg/dL, and/or using diabetic medications. Metabolic syndrome was
defined as a combination of abdominal obesity, impaired fasting glucose, atherogenic dyslipidemia,
and elevated blood pressure. According to the original Japanese criteria for metabolic syndrome were
the presence of high waist circumference > 85 cm in men and > 90 cm in women and/or BMI > 25.0
kg/m2, an essential component plus > 2 (definite MetS) of the followings [10,11]: (1) systolic blood
pressure > 130 mm Hg and/or diastolic blood pressure > 85 mm Hg or medication use; (2) triglyceride
level > 150 mg/dL and/or HDL cholesterol level < 40 mg/dL; and (3) fasting glucose level > 100
mg/dL and/or medication use. Estimated glomerular filtration rate (¢GFR) (mL/min/ 1.73m?) was
calculated according to the original Modification of Diet in Renal Disease (MDRD) equation modified
by the Japanese coefficient (0.881) as follows:

eGFR = 0.881 x 186 x {serum creatinine} 115 x {age} 0203 x (0.742 for female)[12].

2.4. Statistical Methods

Data is presented as percentages, means (standard deviations), or medians (IQRs) depending on
variable characteristics. Chi-squared test or Fisher exact test is used for categorical variables, whereas
t-test, analysis of variance, or Kruskal-Wallis’s test is used for continuous variables.

The flowchart, in Figure 1, represents the development of a Stroke prediction model.

Suita Study
N = 7672 and 169 variables
Outcome: Stroke Incidence

Data pre-processing
- Deal with missing data
+ Numerical variables were single imputed using Random Forest
+ Categorical variables were replaced by mode
and y variables.

Study population
n = 7389 (4012 female and 3377 male) and 53 variables

Unsupervised model
For the purpose of
getting an overview
of the characteristics
of study participants,
we grouped them
according to the
stroke-based cluster
using the clustering
method

Apply  K-prototypes
clustering  method,
which combines K-
meansandK»mode&)

Down-sampled the group free of
Stroke to enhance supervised model
performance

n =876 and 53 variables

Split dataset
- Training set (80%)
- Test set (20%)
5-fold cross validation

Supervised models
LR, SVM, RF, XGBoost, LightGBM

SHAP

Accuracy, AUC, Recall, Prediction, F1-score

> Select the optimal prediction model Extract the most important variables for

Stroke incidence.

Figure 1. A flow chart visualizing the model development process.

2.5. Data Pre-Processing

Our original dataset consisted of 7672 participants and 169 variables. We utilized a random forest
method to impute missing values for continuous variables. For missing categorical variables, we
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replaced them with the mode before applying one-hot encoding.

In order to facilitate the interpretation of results, it is necessary for all variables to be expressed in
the same unit. Therefore, we normalize all these variables using standardization methods (or Z-score
normalization) that involves centering the variable mean at 0 and standardizing the variance at 1 [13].
The procedure involves subtracting each observation’s mean and dividing by the standard deviation.
We extracted all variables from the raw dataset to build a data-driven model. We removed
multicollinearity by considering the clinical meaning of variables, variance inflation factor (VIF),
and correlation coefficients between variables. After that, we have to eliminate the redundant and
unneeded variables from the dataset, which included 7389 participants (4012 female and 3377 male)
and 53 variables.

2.6. Unsupervised Learning

For the purpose of obtaining the overview of the characteristics of study participants and
their risk factors in the association with stroke incidence, we used the clustering method that
is a type of unsupervised learning that consists of similar characteristics within a group and
different characteristics between groups through the characteristics of individuals. We employed the
K-prototypes clustering approach, combining the K-means and K-modes clustering methods because
our dataset had continuous and categorical variables [14].

The clusters were not chosen arbitrarily or adjusted to maximize results. Instead, we carefully
considered factors such as the clinical relevance of the clusters, the interpretability of the results, and
the feasibility of implementing interventions or healthcare strategies tailored to each risk group. This
approach allowed us to strike a balance between statistical rigor and practical relevance in identifying
distinct risk groups within the study population

2.7. Supervised Learning

In this study, we took several steps to ensure the robustness of our supervised models for
predicting stroke incidence. Initially, we addressed the challenge of imbalanced data by down-sampling
the group free of stroke while maintaining the original ratio of positive (stroke) to negative (free of
stroke) samples. Subsequently, we randomly divided the dataset into training (80%) and testing (20%)
sets.

Following this, we trained five supervised models using the training set, employing logistic
regression (LR), random forest (RF), support vector machine (SVM), extreme gradient boost
(XGBoost), and light gradient boosting machine (LightGBM). We employed a combination of 5-fold
cross-validation and a hyperparameter optimization framework. The cross-validation method is a
proficient way to safeguard against overfitting by testing the model with various combinations of
training and validation data.

Each model has unique strengths that could make it the best model for predicting stroke in our
cohort. LR is a simple approach to prediction that provides baseline accuracy scores for comparisons
with other non-parametric machine learning models [15]. RF is a bagging technique that generates
many decision trees to reduce the high variance of decision trees [15]. SVM classifies data by separating
classes with a boundary [16,17], while XGBoost is a powerful tool for classification and regression [17].
LightGBM is a fast, distributed, high-performance gradient-boosting framework that uses a tree-based
learning algorithm [18].

For evaluating the efficacy of these models, we calculated using several performance metrics,
such as accuracy, area under the receiver operating characteristic curve (AUC), recall, precision, and
Fl-score, using the test set. The metrics explanation is included in our Appendix Table Al.

2.8. Extraction of Important Variables for Stroke Risk

To determine which predictors contribute the most to the prediction model, we applied the
Shapley Additive ExPlanations (SHAP) method [13]. SHAP is a unified framework for predictive
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interpretation that expresses variables” importance by comparing situations” predictions with baseline
values when there are specific values for a given feature [13,17].

3. Results

In total, 7389 individuals participated in our Suita study. At baseline, the median (interquartile
range) age was 56 (44 - 65) years, 45.7% of participants were male, and 5.9% had suffered a stroke.
People with incident stroke were older and more likely to have a higher prevalence of hypertension,
diabetes, and metabolic syndrome. As demonstrated in Table 1, the incidence of stroke was higher
among men and those with a higher body mass index, blood sugar, triglyceride, and non-high-density
lipoprotein cholesterol level but a low estimated glomerular filtration rate (eGFR).

Table 1. Characteristics of study participants with and without Stroke incidence (Healthy Japanese,
Aged 30-84, Suita study at baseline).

Overall Stroke incidence
No Yes p-value

(n =7389) (n = 6951, 94.1%) (n =438, 5.9%)
Age, Years 56 [44, 65] 55 [44, 65] 66 [58,72] <.0001
male 3377 (45.7%) 3143 (45.2%) 234 (53.4%)  <.0001
BMI, kg/m?2 22.5(3.01) 22.5(3.00) 23.1(3.21) <.0001
SBP, mmHg 124 [110, 138] 123 [110, 137] 137[122,153]  <.0001
DBP, mmHg 77.7 (12.2) 77 .4 (12.0) 81.2(13.4) <.0001
Smoking, n (%) 0.004

Current 2140 (29.5) 1999 (29.2) 141 (33.3)

Past 1162 (16.0) 1075 (15.7) 87 (20.5)

Never 3963 (54.5) 3767 (55.1) 196 (46.2)
Glucose, mg/dL 95.0 [90.0,102.0]  95.0[89.0, 101.0] 99.0[92.0,107.0] <.0001
Fructosamine, ymol/L 253 (22.3) 253 (22.2) 258 (23.7)  <0.001
Elbow, mm 6.3 (0.6) 6.3 (0.6) 6.4 (0.5) 0.008
Calcium, mg/dL 9.4 (0.4) 9.4 (0.4) 9.3 (0.4) 0.039
Hemoglobin, g/dL 13.9 (1.5) 13.9 (1.5) 14.1 (1.4) 0.001
TG, mg/dL 99.0 [71.0,144.0]  98.0[70.0,143.0] 112.5[82.0,163.8] <.0001
non-HDL-c, mg/dL 152.6 (36.9) 152.2 (36.9) 158.9 (36.8)  0.0002
eGFR, mL/min/1.73 m2 90.0 [73.7,104.6]  90.3 [74.4, 104.8] 80.0 [66.6,95.0] <.0001
Hypertension, n (%) 2295 (31.1) 2054 (29.5) 241 (55.0)  <.0001
Diabetes, n (%) 898 (12.2) 798 (11.5) 100 (22.8)  <.0001
MetS, n (%) 1811 (24.5) 1630 (23.4) 181 (41.3)  <.0001

Abbreviations: BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; TG, triglycerides;
non-HDL-c, non-high-density lipoprotein cholesterol; eGFR, estimated glomerular filtration rate; MetS, metabolic
syndrome.

The unsupervised K-prototype technique was used to examine the features of each cluster in
Table 2. These clusters created three risk groups: high-risk, medium-risk, and low-risk based on
their incidence of stroke as 9.1%, 6.6%, and 3.2%, respectively. Participants at high risk exhibited
numerous distinguishing characteristics, including elevated systolic and diastolic blood pressure,
increased non-HDL-c levels, higher fructosamine levels, greater BMI, and higher levels of body fat.
Additionally, they had a high prevalence of hypertension and metabolic syndrome. However, their
estimated glomerular filtration rate was modest. In contrast, the low-risk categories included younger
individuals at the lowest risk for cardiovascular disease.
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Table 2. The characteristic of study participants across the clusters based on unsupervised learning.

Overall Stroke Risk
High Medium Low p-value
(n=7389) (n=1974) (n = 2565) (n =2850)
Stroke incidence, n (%) 438 (5.9) 179 (9.1) 169 (6.6) 90 (3.2) <0.001
Age, Years 56 [44, 65] 63 [55, 71] 55 [44, 63] 50 [40,62] <0.001
Gender <0.001
Male, n (%) 3377 (45.7) 211 (10.7) 2497 (97.3) 669 (23.5)
Female, n (%) 4012 (54.3) 1763 (89.3) 68 (2.7) 2181 (76.5)
BMI, kg/m2 22.5(3.0) 24.0 (2.7) 23.8 (2.6) 20.3(2.1)  <0.001
Body fat, % 23.2 (6.0) 28.6 (5.6) 20.6 (4.1) 21.8(5.3)  <0.001
SBP, mmHg 126.3 (20.8) 138.7 (20.0) 129.0 (19.1) 1154 (16.8) <0.001
DBP, mmHg 77.6 (11.8) 82.2 (10.8) 81.3 (11.4) 71.1(9.7)  <0.001
Smoking, n (%) <0.001
Current 2140 (29.0) 194 (9.8) 1300 (50.7) 646 (22.7)
Past 1162 (15.7) 157 (8.0) 746 (29.1) 259 (9.1)
Never 4087 (55.3) 1623 (82.2) 519 (20.2) 1945 (68.2)
eGFR, mL/min/1.73 m2  90.8 (23.7) 86.9 (23.9) 89.1 (22.0) 949 (244) <0.001
Hemoglobin, g/dL 13.9 (1.5) 13.3 (1.1) 15.3 (1.0) 13.1(1.3)  <0.001
TG, mg/dL 99 [71,144] 116[87,159.8] 129[91,186] 73[57,95] <0.001
non-HDL-c, mg/dL 152.4 (36.1) 172.2 (34.2) 155.2 (34.2) 136.2(31.3) <0.001
HDL-c, mg/dL 54.6 (14.0) 53.3 (13.1) 48.8 (12.5) 60.7 (13.3)  <0.001
Glucose, mg/dL 95 [90, 101] 97 [92, 104] 981[92.9,105] 91[87,96] <0.001
Fructosamine, ymol/L 253.2 (22.3) 258.3 (23.0) 251.9(23.3) 250.8(20.4) <0.001
Elbow, mm 6.3 (0.6) 6.1 (0.5) 6.8 (0.4) 6.0 (0.5) <0.001
Calcium, mg/dL 9.3 (0.4) 9.5(0.4) 9.4 (0.4) 9.2 (0.4) <0.001
Hypertension, n (%) 2295 (31.1) 1063 (53.9) 920 (35.9) 312(10.9)  <0.001
Diabetes, n (%) 898 (12.2) 334 (16.9) 455 (17.7) 109 (3.8) <0.001
MetS, n (%) 1811 (24.5) 762 (38.6) 997 (38.9) 52 (1.8) <0.001

Abbreviations: BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; TG, triglycerides;
non-HDL-c, non-high-density lipoprotein cholesterol; eGFR, estimated glomerular filtration rate; MetS, metabolic
syndrome.

The supervised model applied five classifier methods, including LR, RF, SVM, XGBoost, and
LightGBM. Accuracy, AUC, Recall, Precision, and F1-score are used to evaluate the performance of
these models. As demonstrated in Table 3, RF algorithm was a preferable option because of the higher
levels of all metrics, with an accuracy of 0.70, an AUC of 0.71, recall of 0.70, precision of 0.70, and a F1
score of 0.70.

Table 3. Performance of different supervised machine learning approaches.

Accuracy AUC Recall Precision Fl-score

LR 0.64 0.68 0.64 0.64 0.64
RF 0.70 0.71 0.70 0.70 0.70
SVM 0.68 0.73 0.68 0.68 0.68
XGBoost 0.68 0.71 0.68 0.68 0.68
LightGBM 0.66 0.70 0.66 0.67 0.66

Abbreviation: AUC, Area Under the Curve; LR, Logistic Regression; RF, Random Forest; SVM, Support Vector
Machine; XGBoost, eXtreme Gradient Boost; Light-GBM, Light Gradient Boosted Machine.

Figure 2, illustrated additional analysis conducted using SHAP values. RF was utilized to compute
the SHAP values, which facilitated the identification of the top most important variables that led to the
incidence of Stroke.
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Figure 2. (left) shows the contribution levels of these variables to Stroke incidence, with the width of
the red bar representing their global importance. The SHAP value implies the degree of contribution
of a specific feature (variable). The higher the SHAP value is, the larger the model contribution of a
specific feature. Figure 2 (right), the heat plot of SHAP values reveals the relationships with Stroke: red
indicates a positive relationship, while blue indicates a negative relationship.

Abbreviations: SBP, systolic blood pressure; eGFR, estimated glomerular filtration rate; MetS, metabolic
syndrome.

As shown in Figure 2, age emerged as the most influential predictor among the most important
variables. Other significant variables included systolic blood pressure, hypertension, estimated
glomerular filtration rate, metabolic syndrome, and blood glucose. Intriguingly, we also discovered
that elbow joint thickness, fructosamine level, hemoglobin and serum calcium levels could predict
stroke risk. These results are consistent with those reported for the population at high risk, and the
most important variables identified by the SHAP method were comparable.

4. Discussion

Our study suggested that machine learning techniques can be used for stroke prediction in
large-scale population studies. Unsupervised K-prototype approaches are appropriate for large
datasets that include both categorical and numeric variables, and they aid in elucidating the
characteristics of study participants [5,19]. Moreover, supervised method can also be used in our
model, notably the RF, which can be utilized to predict the risk of stroke accurately [20]. Machine
learning techniques can cover a wider variety of variables and identify more complex relationships
than conventional methods [7,21,22].

4.1. Top Most Important Variables and Comparisons with Other Studies

Age, maybe reflecting the duration of risk exposure, was the most significant predictor of
non-communicable diseases and stroke. Consistent with prior studies, our investigation also
found systolic blood pressure, and hypertension [23-27], and estimated glomerular filtration rate
(representing chronic kidney disease) [23,28,29] as the most important predictors of stroke incidence.

Participants with a high prevalence of metabolic syndrome exhibited a high incidence of stroke.
The metabolic syndrome defines the relationship between diabetes, hypertension, obesity, and
dyslipidemia and an increased risk for cardiovascular disease. It is primarily the consequence
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of an unhealthy diet and a sedentary lifestyle. These modifiable risk factors are becoming more
prevalent with the widespread adoption of so-called Western lifestyles [30]. High glucose levels, or
hyperglycemia, can damage blood vessels and increase the risk of stroke. Similar to Carson et al. [31],
we discovered a relationship between blood glucose level and stroke incidence.

Fructosamine, which encompasses total glycated serum proteins, has gained attention as an
alternative glycemic status indicator. It has been acknowledged that it can provide additional insights
beyond HbAlc or function as a reliable metric when HbAlc is unreliable. In addition, fructosamine
assesses glycemic exposure over a shorter period of time than HbAlc, which examines exposure over
the preceding three-month period. This temporal characteristic is advantageous for the monitoring of
rapid metabolic fluctuations and adjustments in diabetes therapy [32]. Fructosamine levels have been
identified as a potential risk factor for risk of stroke, a finding consistent with previous studies [33,34].

High hemoglobin concentration is also associated with stroke, according to our SHAP research. It
is unclear how hemoglobin and serum calcium concentration affect stroke incidence. Our findings
imply that stroke incidence is related to hemoglobin concentration, contrary to earlier research [35,36].

Moreover, a majority of studies [37,38] have found an inverse relationship between serum calcium
levels and the incidence of stroke. Intriguingly, serum calcium'’s potential function as a clinical
prognosticator extends beyond ischemic stroke. Hypocalcemia is consistently associated with more
severe illness and a higher mortality rate compared to normal calcium levels [39,40], as shown by
research on a variety of medical conditions, particularly among critically ill individuals. These results
correspond to our own research findings.

In addition, one of our most recent and intriguing discoveries involves the association between
elbow joint thickness and the incidence of stroke.

4.2. Comparing our Important Variables and the Variables Used in Framingham and Suita Scores

The Framingham and Suita scores primarily focused on predicting coronary heart disease
incidence, but this study focused on stroke incidence. However, coronary heart disease and stroke
shared some common risk factors. Some discrepancies were found when comparing our results to
the Framingham and Suita scores. The Framingham risk score comprises 6 coronary risk factors: age,
sex, smoking habits, blood pressure, Total cholesterol, and HDL cholesterol [41]. The Suita score,
developed for the Japanese population, was more accurate in predicting coronary heart disease than
the original Framingham risk scores. The Suita score includes similar factors to the Framingham score
but also includes an assessment of the CKD stage [42,43].

Our investigation discovered several important predictors of stroke incidence that were not
included in either the Framingham or Suita scores, such as elbow joint thickness, fructosamine level,
hemoglobin concentration, and calcium level. Nevertheless, age, hypertension, and blood sugar
were also revealed as important predictors in our study and the Framingham and Suita scores. We
also confirmed the estimated glomerular filtration rate representative for chronic kidney disease, an
important variable included in the Suita score.

Hence, our study identified several significant predictors of stroke risk that are similar to findings
from other studies. However, some discrepancies were found when comparing our results to the
Framingham and Suita scores. The outcomes of this study can assist healthcare professionals in
identifying persons at high risk for stroke and implementing preventive measures.

4.3. Strengths and Limitations

Regarding our study’s strengths, we identified specific characteristics associated with high and
low-risk group and had a large sample size. In addition, we analyzed the data using a combination of
unsupervised and supervised learning techniques to provide a thorough understanding of the stroke
predictors.

But so far, there are constraints to consider. Our study included only participants from a single
region, which may limit the applicability of the results to other populations. Moreover, while machine
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learning approaches can find more complicated associations between variables, they may be more
susceptible to overfitting or developing models that do not generalize well to new data.

It would be advantageous to compare the results of our investigation with those of other studies
that have employed machine learning techniques to predict the risk of stroke. This comparison would
assist in determining whether or not our findings are compatible with other studies in the field. In
addition, it would be advantageous to undertake additional research to validate the findings of our
study and assess the efficacy of machine learning algorithms in clinical practice.

5. Conclusions

This study found that both unsupervised and supervised learning can effectively develop a stroke
prediction model using many predictors from a population-based study. By considering multiple
predictors, our research provided a preventive perspective on stroke, facilitating risk assessment,
biomarker identification, and identifying novel markers for stroke.
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LR Logistic Regression

SVM Support Vector Machine

RF Random Forest

XGBoost eXtreme Gradient Boosting
Light-GBM  Light Gradient-Boosting Machine
BMI Body mass index

SBP Systolic blood pressure

DBP Diasolic blood pressure

HDL-c High-density lipoprotein cholesterol
eGFR Estimated glomerular filtration rate
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.
Appendix A
Table Al. Interpretation for model performance metrics
Performance metrics Definition Formula Interpretation
Accuracy is a measure of how many Accuracy tells us the overall correctness
Accurac of the total predictions ACC = TP+TN of predictions. However, a highly imbalanced dataset
Y made by the model are ~ TP+TN+FP+FN can lead to misleadingly high accuracy
correct if the model predicts the majority class most of the time.
Area under a receiver operating
characteristic (AUC-ROC) measures The ROC curve plots
AUC the ability of a model to distinguish the True Positive Rate (Recall) against
between the positive and negative the False Positive Rate at various threshold values,
classes by varying and AUC-ROC calculates the area under this curve.
the classification threshold
Recall (or Senslhy{ty) Recall quantifies the model’s ability
measures the ability I e
_ 1P to avoid missing positive cases.
Recall of the model to correctly Recall = ey ) s . . .
. . S TP+FN It’s crucial in scenarios where false negatives (missing actual
identify positive instances ositive cases) are costly or problematic
out of all actual positive instances P! yorp .
Precision (or Positive Predictive Value)
Precisi measures the accuracy Precision — TP Precision focuses on the
recision of positive predictions recision = Tppp accuracy of positive predictions.
made by the model
Thé.! El—score is the harmor‘uc . 2. (Precision-Recall) The Fl-score combines the strengths
Fl-score mean of precision and recall. It provides a single Fl-score = —5———m——" . R N .
Precision+Recall of precision and recall into a single metric.

metric that balances both precision and recall.

Abbreviation: AUC, Area Under the Curve; TP, True Positive; TN, True Negative; FP, False Positive; FN, False
Negative.
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