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ABSTRACT 

Stroke is a major and deadly health concern on a global scale, 
requiring fast and precise methods for effective management. The 
current research explores six machine learning models: logistic 
regression, k-nearest neighbors (KNN), support vector machine 
(SVM), decision tree, random forest, and eXtreme Gradient 
Boosting (XGBoost), to improve stroke diagnosis. By applying 
Local Interpretable Model-agnostic Explanations (LIME), this 
work bridges the gap of interpretability in conventional machine 
learning models, making it easier for healthcare experts to under-
stand generated model predictions. 5,109 clinical cases with fea-
tures including age, gender, hypertension, heart disease, average 
glucose level, and details of patient lifestyle as risk variables, were 
used to train the applied algorithms. As a result, Logistic Regres-
sion had an accuracy of 77%, whereas KNN and SVM had accu-
racies of 92% and 89%, respectively. The decision tree classifier 
achieved high precision and accuracy of 95%; however, the ran-
dom forest and XGBoost models achieved the highest accuracy 
(97%) and AUC (99%), respectively, outperforming all applied 
classifiers. The importance of various attributes for each predic-
tion was assessed using LIME, supporting a clear and transparent 
understanding of the model predictions. Case-based analyses re-
vealed that age, gender, BMI, average glucose level, as well as 
stressful lifestyle conditions were the major risk factors for stroke. 
This study highlights the importance of explainable artificial in-
telligence in assisting healthcare professionals and offering trans-
parent, reliable, and effective personalized treatments relative to 
specific patient needs. 
 
Keywords: Stroke, machine learning, data analysis, diagnosis, 
prediction, LIME.
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INTRODUCTION 

Globally, stroke is among the most common causes of 
death and long-term disability, whereby each year, it affects 
over thirteen million people and kills over five million people 
[1]. A stroke is a neurological condition characterized by 
blood vessel obstruction, also known as a brain clot, or the 
bursting of a blood vessel, causing bleeding, damage to brain 
cells, or even death [1]. It is mainly classified into two pri-
mary categories, which are ischemic stroke, the most preva-
lent form of stroke, accounting for 87% of all stroke incidents 
[2]. The prevalence of ischemic infarctions grew signifi-
cantly between 1990 and 2016 [3]. In this category, a portion 
of the brain cannot receive blood or oxygen because of a 
blood clot [1]. Secondly, a hemorrhagic stroke, this type of 
stroke results when a blood vessel ruptures, frequently 
caused by aneurysms or venous abnormalities [4]. 

While prevention relies on managing risk factors, identi-
fying stroke symptoms is essential for early diagnosis, urgent 
triage, and immediate medical support. The symptoms in-
clude stuttering or the prodromal symptoms of basilar artery 
blockage, especially in people with intracranial artery block-
age [5]. Furthermore, stroke incidence has been reported to 
rise with age, whereby after age 55, the incidence of stroke 
doubles. Between 1990 and 2016, the percentage of stroke 
cases worldwide among adults aged 20 to 54 surged from 
12.9% to 18.6%. Conversely, throughout the same period, 
age-standardized related mortality rates lowered by 36.2% 
[5]. Although stroke is controllable and treatable, there is a 
high possibility of significantly reducing its prevalence as 
well as its long-term effects, because according to predic-
tions, stroke continues to be one of the top causes of mortality 
and impairment [6]. Therefore, it is crucial to focus on early 
detection and prevention to control the severity of this condi-
tion. Frequently, traditional risk assessments depend on pa-
rameters like clinical records and epidemiology. Still, these 
do not cover how several aspects of life and health contribute 
to the cause of a stroke. For this reason, robust data-based 
strategies that consider diverse factors such as demographics, 
clinical, and lifestyle factors are crucial to identify early signs 
of stroke, thereby effectively assessing possible risks to im-
prove its diagnosis and treatment as well as minimize its mor-
tality rates. 

Over the last couple of years, machine learning (ML), an 
artificial intelligence (AI) subfield, has emerged as a power-
ful tool in clinical decision support systems. ML algorithms 
are capable of recognizing unknown patterns in large datasets 
and complex health conditions, and they offer predictive ap-
proaches that can outperform traditional statistical tech-
niques. Such algorithms help to accurately determine the risk 
of diseases based on complex multidimensional data, such as 
demographic, radiological, omics, clinical records, and life-
style-related metrics [7]. However, regardless of their predic-
tive strength, most ML algorithms lack the explainability 
concerning how input parameters affect the model output. 
This gap causes challenges to healthcare facilities, where 
transparency, trust, and accountability play significant roles. 

As a result, to address such issues, explainable ML models, 
such as SHAP (SHapley Additive exPlanations) and LIME 
(Local Interpretable Model-agnostic Explanations), have 
been developed to balance model complexity and model in-
terpretability [8]. These techniques provide explanations of 
individual predictions by modeling the behavior of the sys-
tem over every input variable, thus allowing physicians to 
understand the specific features impacting a prognosis, mak-
ing doctors more informed before making a clinical decision, 
and gaining confidence in AI-driven systems [9]. 

The application of explainable AI models in stroke pre-
diction is still a developing field. Recent studies have applied 
decision trees, random forests, support vector machines 
(SVM), and deep learning algorithms in predicting stroke oc-
currences based on electronic health records and structured 
data [10], [11], [12]. Bentley et al. [13] assessed the perfor-
mance of SVM for the prediction of acute ischemic stroke, 
whereby 116 instances were considered. The training dataset 
was composed of 106 instances, whereas the testing dataset 
was composed of 10 instances. From their findings, the area 
under the curve (AUC) of SVM was found to be 0.744, which 
showed a better performance than the compared prognostic 
scores. Furthermore, Han et al. [14] employed ML methods 
to build a classification model that is more accurate in pre-
dicting short-term stroke probability than the conventional 
scores. The optimum result in the testing set was accom-
plished by ensemble algorithms, random forest, and a convo-
lutional neural network (CNN), which outperformed 
CHA2DS2-VASc by up to 0.14 in the AUC. These results 
demonstrate that the atrial fibrillation burden signature tech-
nique can add benefits for risk prediction, particularly for the 
short-term risk of stroke. AI has played an essential role in 
areas like radiology, pathology, and genetics, and has also 
reduced errors and allowed more personalized treatment [15], 
[16], [17]. With this, the incorporation of AI in the healthcare 
field is revolutionizing diagnostics, treatment, and overall 
disease management.  

Stroke management is demanding and advanced, thus re-
quiring a new technology that may support a quick decision-
making process and personalized treatment plans. Though 
quite effective, the traditional methods of diagnosing and 
treating strokes are constrained by the availability of special-
ists and the speed at which necessary information is pro-
cessed. ML offers the possibility to overcome such limita-
tions by enhancing the accuracy of radiological images, pre-
dictive power, and tailoring treatment plans to the individual 
patient level in a short period. Even though these models hold 
some potential concerning their ability to predict with high 
sensitivity and specificity, they still tend to lack the ability to 
explain specific results. The current study aims to perform 
stroke risk prediction using six ML algorithms (logistic re-
gression, k-nearest neighbors (KNN), SVM, decision trees, 
random forests, and extreme gradient boosting (XGBoost)) 
and incorporating LIME to generate local predictions of dif-
ferent stroke cases and interpret the effects of each variable 
(gender, age, hypertension, heart disease, marital status, work 
type, residence type, average glucose level in blood, BMI 
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(body mass index), smoking status) on stroke cases. This is 
especially needed in healthcare, where patients, their fami-
lies,  and practitioners have to understand the outputs of a 
model, especially in life-threatening scenarios. Moreover, 
LIME provides a more accurate evaluation of risk factors in 
diverse populations when integrated with ML models, as het-
erogeneous features can be easily explained using this ap-
proach. The creation of robust models depending on specific 
pathophysiology is essential for directing diagnosis and treat-
ment, as well as setting reasonable expectations for patients, 
considering the multitude of parameters involved in the deci-
sion system and their divergent connections with the final re-
sult [18]. 

The remaining parts of the manuscript are arranged as fol-
lows: the 2nd part elaborates more on the methodology ap-
plied as well as the dataset used in this study, the 3rd part pro-
vides the results generated after applying the considered ML 
models, which are then discussed in the 4th part of the text, 
and the whole study is concluded in part 5. 

MATERIALS AND METHODS 

The current study applied a data-driven approach to de-
velop prediction tools for diagnosing stroke using a publicly 
available dataset (https://www.kaggle.com/datasets/fed-
esoriano/stroke-prediction-dataset) from Kaggle. The dataset 
consists of 5,109 cases of patients with information on their 
age, gender, medical history (hypertension and heart dis-
ease), lifestyle habits (smoking and type of work), and clini-
cal test records (glucose level and BMI), with a binary value 
for the target variable (stroke) indicating if the patient had a 
stroke (1) or not (0). Ethical approval was not required be-
cause the data is anonymized and available online for re-
search purposes. 

The data was preprocessed using basic analytical methods 
to confirm its quality and the possibility of using it in ML 
processes. This analysis included checking the dataset for 
missing data values, replications, and clinically irrelevant in-
stances. Consequently, some data points for BMI were miss-
ing and were thus replaced using the median value found 
within the range. There were no duplicate patient entries; 
thus, each entry represented a unique patient case. All the cat-
egorical variables were encoded to ensure a good fit with the 
ML models while maintaining the original information so as 
not to affect the performance of the algorithms. As a result, 
binary variables, such as “gender”, “ever married”, “Resi-
dence type”, were encoded using the one-hot encoder tech-
nique into 0 and 1, whereas all multiclass categorical varia-
bles in the data, including “work type”, “smoking status”, 
were processed using the label encoding technique. The con-
verted dataset consists only of numbers, which allows for 
easier application of ML tools.  

The data was split into training and testing sets in an 
80:20 ratio after preprocessing. With the class imbalance in 
the dataset, 4,860 patients without stroke and only 249 pa-
tients with stroke, it is essential to use a strong resampling 

process to ensure equal representation of each class during 
training as such a situation may cause classifiers to give more 
weight to the majority and ignore the minority class, which 
can be less effective clinically since patients with stroke are 
the minority group in the dataset used. As a result, the syn-
thetic minority over-sampling technique (SMOTE), which 
helps increase the number of instances from the minority cat-
egory, was applied. 

SMOTE fills in the gaps between minority class instances 
and their nearest neighbors in the feature space by generating 
new samples to make the boundary between classes more dis-
tinct. With SMOTE, the non-stroke and stroke classes were 
made equal, leading to a 1:1 class balance. Various ML mod-
els, including logistic regression, KNN, SVM, decision trees, 
random forests, and XGBoost, were tested to predict stroke 
diagnostic cases. Furthermore, the measures used in the eval-
uation of the models were accuracy, precision, recall, F1-
score, and area under the curve (AUC). LIME, along with 
medical knowledge from health experts, was applied to select 
the important features and confirm their relevant contribution 
to the model outcomes.  

RESULTS 

Exploratory data analysis (EDA) was performed on a da-
taset of 5,109 people to examine how important stroke risk-
related clinical factors were distributed. The average age of 
the patients was found to be 43 ± 23 years, and the glucose 
level test showed an average of 106.1 ± 45.3 mg/dL, pointing 
to a higher than average glucose reading. In addition, the 
BMI variable had an average of 28.9 ± 7.7 kg/m2, which is 
overweight for the population, and a few outliers showed se-
vere obesity. Figure 1 displays a donut plot illustrating a 
roughly even gender breakdown in the dataset (Male: 
50.06%, Female: 49.94%). Gender equilibrium is important 
for model training stability and plausibility, reducing the 
chance of gender bias that is likely to affect the prediction. 
This distribution ensures that the results and the used models 
can be applied across genders, adding to the dependability of 
the current study.  

 
Figure 1. The gender distribution in the stroke dataset 
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Figure 2 compares people with and without hypertension 
based on three stroke risk factors: age, average glucose level, 
and BMI. Approximately, the data showed that patients with 
hypertension are 62 years old on average, while those who 
do not have hypertension are 41 years old on average, which 
aligns with the relationship between ageing and hypertension 
risk reported in previous studies [19]. Furthermore, the ma-
jority of hypertensive patients had higher BMI (32.59 kg/m2), 
which is classified as obese, and was associated with higher 
average glucose level (130.19 mg/dL) compared to non-hy-
pertensive cases (glucose levels 103.54 mg/dL, BMI = 28.47 
kg/m2). Clinically, patients having a high BMI with hyper-
tension may have poor cardiovascular health [20], which is 
why different risk factors should be examined when as-
sessing stroke risk [21]. By referring to these descriptive 
data, we gained basic knowledge about the population within 
the dataset, which was later explored through ML modeling. 

 

Figure 2. Bar chart illustrating the association  
between hypertension, age, glucose level, and BMI 

Figure 3 shows a heatmap matrix that clearly illustrates 
the relationship between demographic and health factors as-
sociated with stroke diagnosis. The matrix displays a Pearson 
correlation coefficient for each pair of variables, ranging 
from -1 (a strong negative correlation) to 1 (a strong positive 
correlation). A strong positive relationship is observed be-
tween "age" and "BMI" (r=0.33), and "ever married" and 
"work type" (r=0.38). Likewise, a strong negative correlation 
is seen between "work type" and "age" (r=−0.41) as well as 
"age" and "ever married" (r=−0.68). The small correlation 
coefficients indicate that there is not much multicollinearity 
among features, which is likely to speed up training and re-
duce the risk of models learning from noise, which is likely 
to lead to overfitting. Identifying how different variables are 
linked is vital during feature selection, especially for stroke 
prediction, because related variables can influence the overall 
performance of the models as well as their interpretability.  

 

Figure 3. Correlation Matrix of the features  
within the stroke dataset 

Different models were used and tested using an 80% 
training and 20% test set, as well as SMOTE to address the 
unequal distribution of classes, for predicting stroke out-
comes. Logistic Regression achieved an accuracy of 77%, 
with precision, recall, AUC, and F1-scores of 76%, 81%, 
85%, and 78%, respectively. KNN and SVM were more ac-
curate than Logistic Regression, with KNN reaching 92% ac-
curacy and 87% precision, and SVM achieving 89% accu-
racy and a precision of 90%. Furthermore, the decision tree 
model had an accuracy rate of 95%, a precision and recall of 
95% and 94%, respectively. However, even though KNN 
achieved the highest recall score (refer to Table 1), both Ran-
dom Forest and XGBoost ensemble models outperformed all 
the algorithms with a 97% accuracy. 

Table 1. The overall performance of the six applied  
ML models 

Models Accu 
racy 

Precis 
ion 

Recall F1 AUC 

Logistic  
Regression 

0.775 0.757 0.809 0.782 0.846 

KNN 0.920 0.874 0.981 0.925 0.973 
SVM 0.894 0.906 0.878 0.892 0.968 
Decision Tree 0.947 0.952 0.941 0.947 0.947 
Random  
Forest 

0.970 0.992 0.947 0.969 0.994 

XGBoost 0.970 0.988 0.952 0.970 0.992 
 
As illustrated in Figure 4, the applied ML methods show 

strong performance on the ROC curve, with AUC ranging 
from 0.85 to 0.99. The XGBoost and random forest, being 
the best classifiers, have an AUC of 0.99, followed by KNN 
and SVM with an AUC of 0.97. All the curves located in the 
top-left part signify that each model is highly sensitive in de-
tecting false positives by effectively classifying stroke pa-
tients from non-stroke patients. Clinically, tree-based ensem-
ble approaches such as XGBoost and random forest can 
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detect complex, non-linear relationships [22], [23]. Most of 
the AUC values are fairly high, suggesting that the used al-
gorithms can be effective in improving clinical decisions for 
assessing stroke risk.  

 

Figure 4. The Area Under the Curve for all applied mod-
els for stroke prediction 

Using LIME during stroke classification helps discover 
how specific features affect the model predictions. As illus-
trated in Fig. 5. (a), an obese female patient of 77 years old 
with a 25% probability of having a stroke demonstrates that 
some factors have a high chance of lowering the risk of hav-
ing a stroke. Even though the patient is old and smokes, and 
has a high BMI of 31.0 kg/m2, LIME highlights that in such 
a case, it is unlikely to have a stroke when associated with 
having normal blood pressure, absence of heart diseases, as 
well as a normal lifestyle. On the other hand, Fig. 5. (b), an 
80-year-old male patient has a 99% probability of having a 
stroke. Though he was non-hypertensive, it was found that 
advanced age, gender (being a male patient), BMI, and a se-
vere spike in glucose level were the major reasons behind the 
increased risk, as well as being self-employed, which is likely 
to trigger stress. According to these results, age, gender, 
BMI, and glucose level majorly increase stroke risk, espe-
cially when associated with a complex lifestyle that prompts 
stress. Additional health conditions and lifestyle factors that 
are not too demanding mitigate the risk, suggesting several 
variables can interact and impact the overall stroke predic-
tion. 

(a)

 

(b) 

 

Figure 5: LIME results of two different scenarios (patient 
at low risk vs patient at high risk) and the factors influencing 
the outcome. The higher the absolute amount of weight, the 
more significant the impact on the projected result. 

Discussion 

Stroke prediction using ML has been quite promising, es-
pecially in situations where early detection and sorting out 
higher-risk patients can impact the results of treatment. The 
use of ML methods on structured health records revealed that 
using ensemble models, like random forest and XGBoost, ef-
fectively delivers accurate predictions than single models in 
stroke detection. Even though such models offer strong per-
formance, they are not easy to explain, thus not favorable for 
inexperienced users. To solve this, LIME, an explainable AI 
method, was used to identify the features that affect model 
outcomes and are valuable in clinical practice. Consistently, 
feature significance analysis across diverse patient cases re-
vealed that age is the top predictor of stroke. Subsequently, 
the next health-related factors addressed were average glu-
cose levels, BMI, and hypertension, known to be related to 
cardiovascular and cerebrovascular diseases [24]. This aligns 
with recent clinical findings [25], [26] and enhances the 
model’s transparency, encouraging professional and inexpe-
rienced users to find it more suitable. Moreover, while most 
studies target a small population, the current study focuses on 
a larger dataset and relies on common hospital information, 
making it more generalizable and easily applicable in health 
systems, including medical facilities with limited resources. 

AI models, ML algorithms in particular, contribute 
greatly to making clinical decisions and the early detection 
of disease risk. The current study expands the evidence that 
ML models and ensemble models, in particular, work better 
than standard analytical methods in handling complex medi-
cal analysis. Additionally, computational algorithms that can 
analyze how clinical factors work in combination with other 
factors, like demographic characteristics and patient lifestyle, 
are highly needed in the medical field. The findings of the 
current study highlight that advanced computer models can 
find weak but essential patterns that normal methods may 
overlook, subsequently making their predictions about stroke 
risk highly sensitive and specific. Another essential goal of 
this study was to take medical data and refine it for easy 
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interpretation. Through the use of LIME, the contribution of 
each feature was assessed, which is necessary for physicians 
to understand the rationale behind the outcome of the applied 
models, as many healthcare professionals are not yet confi-
dent in AI algorithms, as they are hard to understand. There-
fore, being able to see the results of a model boosts confi-
dence and encourages its use in healthcare settings. In clinical 
work, it is important to detect patients at risk promptly, as 
this can strongly affect treatment outcomes. Therefore, 
choosing the right algorithm in medical applications involves 
weighing how accurate, generalizable, and reliable it is and 
how explainable it must be for critical medical choices. 

Our research findings indicate that ML-based stroke risk 
prediction is a promising application; however, it has numer-
ous limitations. The data used doesn’t include some critical 
vascular and metabolic risk factors, such as diabetes mellitus, 
dyslipidemia, atrial fibrillation, and chronic kidney disease, 
which have been linked to influencing stroke rates and clini-
cal outcomes. This can lead to unmeasured confounding, 
therefore, reducing the predictive power and generalizability 
of the used models. Moreover, the etiological subtyping 
based on the classification of the TOAST was not used in the 
study, which can limit the ability to identify specific ischemic 
stroke processes. As a result, future research can include 
more types of biomarkers, other comorbidities associated 
with stroke, and more detailed background variables, such as 
sociodemographic and behavioral factors, to enhance the un-
derstanding of lifestyle and clinically related risks of stroke.  

Furthermore, this study relies on structured tabular data 
and does not use multimodal sources (neuroimaging, 
voice/gait analysis, and genetic analysis), thus limiting its 
prognostic performance. This could significantly reduce the 
quality and clinical value of stroke risk assessments, espe-
cially concerning the early detection of patients at high risk. 
Therefore, longitudinal or real-time datasets of hospitals can 
be incorporated in future research to test how variations of 
risk factors affect stroke onset. By addressing these limita-
tions and improving the input features, further studies could 
develop more effective explainable AI models that align 
computational intelligence with realistic medical decision-
making, thus promoting the initial diagnosis and personalized 
stroke treatment. 

CONCLUSION 

This study highlights the use of explainable AI algorithms 
such as LIME in stroke risk prediction. Even though ML al-
gorithms, especially ensembled models, offer accurate pre-
dictions, their structure limits their application in healthcare, 
particularly in disease diagnosis and/or treatment. Therefore, 
LIME allowed personalized stroke predictions by under-
standing the influence of clinical features such as demo-
graphic parameters, BMI, average glucose level, presence or 
absence of some other health conditions, and patient lifestyle 
on model decision-making. As a result, healthcare providers 
can better explain such computationally generated decisions 
to patients with confidence and understanding, thus 

improving patient satisfaction. Furthermore, our findings re-
veal that ML algorithms associated with explainable AI mod-
els can be helpful in medical diagnostics and can contribute 
to more precise stroke risk categorization. More studies 
should be done to confirm these results in diverse populations 
and guide medical decision-making by using real-time data. 
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