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Abstract - This study evaluatesthe impact of the Synthetic
Minority Oversampling Technique (SMOTE) on
improving machine learning and deep learning
performance in strokerisk classification using secondary,
publicly available data from Kaggle’s Stroke Prediction
Dataset (n = 5,110; 249 stroke cases, 4,861 non-stroke
cases), for deep lear ning. Perfor mancewas measured using
accuracy, precison, recall, and Fl-score, while
Explainable Al (XAIl) methods (SHAP, LIME) were
utilized for inter pretability. Theresultsshow that applying
SMOTE improves the model's sensitivity to the minority
"Stroke" class, with Random Forest after SMOTE
achieving 97% accuracy and a balanced precision—recall.
These findings highlight the methodological potential of
combining SMOTE with machine lear ning, deep learning,
and XAl; however, they should not beinterpreted asdirect
clinical validation. Future work with clinical and
population-based datasets is necessary to assess the
applicability in real-world healthcar e settings.
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|. INTRODUCTION

Stroke is one of the leading causes of death and
disability worldwide. According to [1], every year, more
than 12 million people experience their first stroke, and
approximately 6.5 million of them die as aresult of this
condition. In Indonesia, the prevalence of stroke
continues to increase in line with changes in people's
lifestyles, increased life expectancy, and the high
prevalence of risk factors such as hypertension, diabetes,
obesity, and smoking [2]. This condition not only
increases the cost of medical care but aso worsens
patients' lives, incurring additional costsfor families and
the country [3]. Good stroke management includes
stopping strokes from happening, finding them early,
diagnosing them quickly, and giving them the proper
treatment. This study utilizes secondary, publicly
accessible Kaggle data rather than clinical hospital data,
despite the capacity of modern data-driven
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methodologies, such as machine learning and deep
learning, to enhance predictive modeling.

In healthcare, machine learning has made significant
progress in a relatively short period, particularly in the
areas of disease diagnosis and risk prediction. Machine
learning can analyze complex medical data and identify
patterns that are difficult for doctors to discern without
specialized tools. Ref. [4] utilized Random Forest and
Logistic Regression algorithms to predict stroke risk
using clinical data, and the results show good
generalization ability on balanced datasets. Another
study by [5] conducted a comparative analysis of the
performance of Support Vector Machine (SVM) and k-
Nearest Neighbor (k-NN), demonstrating that SVM
outperformed k-NN in managing multidimensiona data.
However, traditional machine learning techniques often
encounter chalenges with imbalanced datasets,
characterized by a significantly higher number of non-
stroke cases (the majority class) compared to stroke
cases (the minority class). This imbalance causes the
model to favor the magjority class, which means it may
not be susceptible to stroke cases and could result in
incorrect predictions for patients who require medical
attention.

In addition to classica machine learning methods,
deep learning has become one of the most promising
technologies, especially in medical image analysis. Deep
learning has the advantage of automatically extracting
complex features without requiring manual feature
engineering processes. Ref. [6] employed a
Convolutional Neural Network (CNN) architecture for
classifying CT images of stroke patients, achieving
higher accuracy compared to traditional methods. Ref.
[7] utilized ResNet on diffusion MRI data to identify
brain areas affected by stroke with higher precision.
However, Deep learning performance is highly
dependent on the availability of large and balanced
datasets, whereas in the case of stroke, such datasets are
relatively complex to obtain. This condition emphasizes
the importance of applying data balancing techniques,
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such as the Synthetic Minority Over-sampling
Technique (SMOTE) [8,9], to reduce bias towards the
majority class and improve model performance in stroke
case detection. The use of SMOTE enables the
replication of synthetic datain the minority class, thereby
making the data distribution more proportional.
Combined SMOTE-ENN with cascade ensemble
learning, achieving higher balanced accuracy and
sengitivity for stroke classification using IFLS5 data.
This progression highlights the growing emphasis on
hybrid sampling and multi-model integration in
improving clinical prediction performance [10].

Another major problem with using Al technology in
medicine is that it's hard to understand how the models
work. Many deep learning algorithms, as well as a few
advanced machine learning algorithms, operate as black
boxes. This means that medical staff, who are the end-
users, have difficulty understanding how the model
makes decisions [8]. This raises doubts and resistance to
the adoption of Al technology for clinical decision-
making, especially in critical cases such as stroke.
Healthcare professionals need clear and complete
explanations of why the model made its predictions or
diagnosesinthe medical field. The Explainable Al (XAl)
method addresses this issue by utilizing SHAP and
LIME to provide explanations for the predictions [11].
The growing use of artificial intelligence in healthcare
introduces a critical challenge: many high-performing
models operate as “black boxes”, making their interna
decision-making difficult to interpret and thus less
suitable for clinical use. As emphasized by Sadeghi,
explainable artificial intelligence (XAl) methods such as
SHAP and LIME have become essential toolsto improve
model transparency, enable clinical interpretability, and
foster trust among medical practitioners. In this study,
these post-hoc explanation techniques are applied to
tabular clinical data to clarify feature contributions and
support domain expertsin understanding model behavior
[12].

Three sdignificant research gaps exist in the
application of Al for stroke detection, according to
earlier studies. First, low sensitivity to minority (stroke)
cases is a result of classical machine learning's
difficultieswith unbalanced datasets. Second, while deep
learning works well with medical images, it needs large,
balanced datasets, which is why data balancing
techniques like SMOTE are useful. Third, because
clinical trust in Explainable Al (XAI) depends on its
interpretability, its application in stroke detection is till
restricted.

These gaps indicate that to improve performance and
interpretability, integrated research combining deep

learning and classical methods, data balancing strategies,
and XAl is required. By comparing deep learning
(Sequential, TabNet) and classical (Logistic Regression,
Random Forest) models on the same dataset, using
SMOTE to enhance minority-class detection, and
integrating SHAP and LIME for clear explanations, this
study seeks to address al three problems at once.

The study makes three contributions: (1) evaluating
the effects of SMOTE on dtroke detection using
precison, recall, Fl-score, and PR metrics, (2)
comparing classical and deep learning models on
imbalanced data; and (3) improving model transparency
through loca and global XAl interpretations. The
findings highlight the need for future validation using
multi-source hospital datato ensure robustness and real-
world applicability, as they are meant to show
methodological feasibility rather than clinical readiness.

1. METHOD

Thisstudy utilized the Stroke Prediction Dataset from
Kaggle, asecondary, publicly available dataset compiled
from synthetic and aggregated sources, rather than real-
world hospital or population-based records. This study
used publicly available, anonymized data and did not
involve human participants; thus, ethical clearance was
not required. While this dataset provides a valuable
benchmark for testing methodological approaches, its
credibility as aclinical dataset is limited. Consequently,
the results of this study should be interpreted as
methodological demonstrations rather than clinically
validated findings, and the generalizability to real patient
populations remains uncertain. This dataset includes
demographic, clinical, and patient health history
variables, along with binary label sindicating whether the
patient has ever had astroke. The selection of this dataset
is based on the completeness of attributes relevant to
predictive analysis. The available data provides an
opportunity to test various machine learning and deep
learning models in detecting stroke risk. Additionaly,
this dataset has been used in previous studies, enabling
objective comparison of results [5, 13].

The dataset used in this study comprised a tota of
5,110 initial data points, consisting of 249 labeled as
stroke and 4,861 labeled as non-stroke. After
preprocessing, the number of samples was reduced to
4,909 data points, with a class distribution of 209 data
points labeled as stroke and 4,700 data points labeled as
non-stroke. This imbalance in the number of samples
between classes suggests asignificant dominance of non-
stroke data over stroke data, which could introduce bias
into the machine learning model being built.
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Fig. 1 Research methods

The Synthetic Minority Oversampling Technique
(SMOTE) method was employed to address this issue.
This method increased the amount of datain the minority
class (stroke) to match that of the majority class. The
results of usng SMOTE indicate that the class
distribution is balanced, with 4,700 stroke data points
and an equal number of non-stroke data points. So, after
resampling, the total sample sizeis 9,400 data paints.

Ancther significant limitation pertains to the
implementation of the Synthetic Minority Oversampling
Technique (SMOTE). SMOTE can help address class
imbalance and facilitate the identification of minority
classes. Still, it can aso create synthetic patterns that
don't fully represent rea clinical variation, which could
lead to bias or overfitting. Consequently, the noted
performance improvements must be regarded with
caution until corroborated by genuine clinical data. Table
| presents the main variables used in this study, along
with their clinical significance, to clarify their meaning.
This mapping helps readers, especidly those in
healthcare, see how each attribute isrelated to predicting
strokerisk.

Pre-processing is performed to enhance data quality
before entering the modeling stage. The steps taken
include removing duplicate data (using the
‘drop_duplicates method), handling missing values
through imputation methods [14] and feature selection
using acorrelation matrix [15]. This selection only keeps
features that are strongly related to the target variable.
Data balancing has not been performed yet because the
SMOTE method will be used independently to compare
model performance. This method facilitates an
examination of how SMOTE impacts the final model
results[9, 16, 17].

During the data pre-processing stage, severa
necessary steps were taken to ensure the quality of the
dataset before it was used in the modeling process. First,
data with missing values were removed entirely. The
choice was made because the sample size was
sufficiently large, comprising approximately 5,000 data
points. Removing approximately 200 data points with
missing values didnt significantly ater the overal
representativeness of the dataset. This method was
chosen over imputation methods, such as the mean or
median, because it was believed to preserve the original
data better.

Then, acorrelation analysis was conducted to identify
features that weren't particularly useful for the target
variable. The correlation matrix showed that some
features had very low negative correlation values. These
were gender_Other (-0.003010),
work_type Never worked (-0.014149), and
work_type _children (-0.080971). After that, these
features were removed from the dataset because they
didn't significantly contribute to the classification
process. The model should work better if these features
are removed, as it will only use variables that are highly
relevant to the prediction.

TABLEI
DATASET VARIABLES AND CLINICAL DESCRIPTIONS
Variable Type Clinical Meaning
age Numerical ~ Patient’s age (older age is amgjor stroke risk factor)
gender Categorical  Biological sex (males and females may have different stroke risk profiles)
hypertension Binary History of high blood pressure (major risk factor for stroke)
heart_disease Binary History of heart disease (linked with higher stroke risk)
ever_married Categorical  Marital status (proxy for lifestyle/social determinants)
work_type Categorical  Type of employment (affects lifestyle, stress, and health risk)
residence_type Categorical  Urban vsrura living (proxy for environmental and lifestyle differences)
avg glucose level Numerical  Blood glucose concentration (indicator of diabetesrisk, linked to stroke)
bmi Numerical  Body Mass Index (an indicator of obesity, akey risk factor)
smoking_status Categorical  Smoking habits (well-established stroke risk factor)
stroke (target label) Binary Outcome variable: 1 = stroke, 0 = no stroke
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In the experimental setup, multiple measures were
implemented to ensurethe reproducibility of the research
process and achieve uniform outcomes. First, SMOTE
was used to oversampl e the data, providing an even class
distribution. Next, thetrain_test split functionisusedto
split the resampl ed dataset into atraining set and atesting
set. The training set comprises 96% of the data, and the
testing set shall consist of 4% (test_size=0.04). At this
point, arandom seed of 12 (random_state=12) is used to
ensurethat the dataremainsthe same every timethe code
isrun.

After dividing the data, normalization was performed
using StandardScaler so that each feature had the same
scale. The training data was then divided by Keras into
training data and validation data through the
validation_split=0.4 parameter. This means that 40% of
the training data was used as the validation set, allowing
the model to be evaluated during training. With these
settings, the experiment can be replicated in the same
way, as al critical parameters, such as random seed,
train—test split proportion, and validation, have been
described transparently.

There are two primary approaches to modeling data:
classical machine learning and deep learning. Some of
the classical machine learning modelsthat were used are
Random Forest, Logistic Regression, Support Vector
Machine (SVM), and k-Nearest Neighbor (k-NN) [4-5].
The deep learning model used is a Convolutional Neural
Network (CNN) adapted for tabular data [6-7]. Each
model was tested in two scenarios: one without SMOTE
and the other with SMOTE. The SMOTE technique was
used to address classimbal ance by synthesi zing minority
data[20].

The model was evaluated by measuring accuracy,
precision, recall, Fl-score, and AUC-ROC [21]. We
chose these metrics because they provide a
comprehensive view of how well the model identifies
minority classes. Precision and recall evaluate how well
you can make correct optimistic predictions and how
effectively you can identify positive cases. The F1-score
provides a harmonic mean of these two metrics, while
the AUC-ROC indicates how well the model
distingui shes between positive and negative classes. This
evaluation approach ensures that the best model is
selected objectively [4, 6].

The explainable Al (XAIl) stage is carried out to
provide interpretations of the predictions generated by
the model. Two methods used are SHAP (SHapley
Additive exPlanations) and LIME (Loca Interpretable
M odel-agnostic Explanations) [11, 22]. SHAP is used to
measure the contribution of each feature to the model's
prediction results globally [23]. LIME is used to explain

individual predictions locally, making it easier to
interpret specific cases [23-24]. The use of XAl is
essential to increase medical professionals' trust in the
results of prediction systems[11, 22].

The find stage is the analysis and interpretation of
results. At this stage, the model evaluation results are
compared between scenarios with and without SMOTE.
Essential factors affecting predictions are analyzed based
on SHAP and LIME outputs. The best model is selected
based on a combination of performance and
interpretability. The resulting model recommendations
are expected to be implemented in medical decision
support systems for early detection of stroke risk [13,
16].

1. RESULT AND DISCUSSION

This study uses two main approaches, namely
machine learning and deep learning, to compare the
performance of stroke case detection in balanced and
unbalanced datasets. In the machine learning approach,
the agorithms used are L ogistic Regression and Random
Forest, which are evaluated on the No Stroke and Stroke
classes. Meanwhile, in the deep learning approach, two
different architectures are used: the Sequential model
and the TabNet Classifier. Both methods are evaluated in
two scenarios—before and after the implementation of
the SMOTE technique—to assess the influence of data
bal ancing on the detection of minority classes.

A. Machine Learning

This study used two machine learning agorithms:
Random Forest and Logistic Regression. We used
precision, recall, Fl-score, and accuracy metrics to
compare the performance of both models for the No
Stroke and Stroke classes. The following table provides
a summary of the evaluation results, facilitating a
comprehensive analysis and performance comparison.

The results of evaluating the machine learning
models without SMOTE indicate that the majority class
(No Stroke) and the minority class (Stroke) do not
perform equally well. The Logistic Regression model
achieved 73% accuracy, but the Stroke class had a very
low precision value of 0.07, despite a relatively high
recall value of 0.83. This means that the model often
guessed the Stroke class, but it did so with ahigh number
of incorrect predictions (false positives), which lowered
its F1-Score to only 0.13. The F1-Score, which is the
harmonic mean of precision and recall, decreases
significantly when recall is high but precision is low.
Thisillustrates the significant disparity between the two
metrics.
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TABLEII
MACHINE LEARNING MODEL RESULTS
M odel SMOTE Class Precision Recall F1-Score Support Accuracy

Logistic Regression No No Stroke 0.99 0.73 0.84 245 0.73
Stroke 0.07 0.83 0.13 6

Random Forest No No Stroke 0.98 1.00 0.99 246 0.98
Stroke 0.00 0.00 0.00 5

Logistic Regression Yes No Stroke 0.91 0.87 0.89 236 0.89
Stroke 0.88 0.91 0.90 244

Random Forest Yes No Stroke 0.96 0.98 0.97 233 0.97
Stroke 0.98 0.96 0.97 247

The Random Forest model, on the other hand,
achieved an overall accuracy of 98%. Still, it completely
failed to identify any Stroke cases, as indicated by a
recall value of 0.00 and an F1-Score of 0.00. This means
that the model was very biased toward the mgjority class
(No Stroke), only predicting it and completely ignoring
the minority class. These results confirm the initia
hypothesis that imbalanced data directly hinders the
model's ability to identify minority classes, especidly in
medical datasets where positive (disease) cases are
infregquent.

After applying the SMOTE oversampling method,
both models showed significant improvements. The
Logistic Regresson model, which was used to
demonstrate a substantial difference in performance
between classes, achieved an accuracy of 89% with more
even precision (0.91) and recall (0.87) across both
classes. Thisimprovement enables the model to identify
patterns in the minority class more easily when the data
is more evenly distributed.

After applying SMOTE, the Random Forest model
also showed significant improvement, with an accuracy
of 97% and both precision and recall equal to 0.97 for the
Stroke class. As aresult, its F1-Score aso reached 0.97,
which means that SMOTE improved the model's
sengitivity (recall) without hurting its accuracy, resulting
in a balanced predictive performance. However, these
results should be interpreted with caution, as the
evaluation was conducted on a singular secondary
dataset without external validation. Such high
performance could indicate that the model is overfitting
to the oversampled data, meaning it learns specific
patterns rather than generalizing from them.

In general, these resultsindicate that when thereisan
imbalance in the data, models tend to overlook minority
classes, which are crucia to identify in medical
prediction tasks. The use of SMOTE dtered the model's
learning process, enhancing its ability to identify
minority classes while maintaining the accuracy of
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majority classes. Theresultsal so show that recall and F1-
Score are essential measures of how well amodel works
with unbalanced medical data. Recall ensures the model
identifiesas many actual positive casesas possible, while
the F1-Score ensures this improvement doesn't come at
the cost of too many false positives.

Data balancing is essential for medical classification
tasks. With a well-balanced dataset, both linear models,
such as Logistic Regression, and tree-based models, such
as Random Forest, can yield consistent and easy-to-
understand results. This success demonstrates that
SMOTE and other resampling methods can effectively
handle imbalanced datasets in medical diagnostics. This
opensthedoor for their usein disease prediction systems.

B. Deep Learning

This study utilized two architectures within the deep
learning framework: the Sequential model and the
TabNet Classifier. We used precision, recall, F1-score,
and accuracy metricsto comparethe performance of both
models for the No Stroke and Stroke classes. The
following table summarizes the test results to facilitate
easier analysis and comparison of performance across
different data conditions.

The evaluation results of the deep learning models
without SMOTE application exhibited a similar issue
identified in the machine learning model s—specifically,
a significant bias towards the No Stroke class. The
Sequential model without SMOTE achieved a high
overal accuracy of 96%, but it failed to identify any
Stroke cases, resulting in precision and recall values of
0.00 for the minority class. This result shows that,
although the accuracy may seem high, the model cannot
reliably determine which class is most important for
clinical purposes. For medical classification, this kind of
performance is misleading because high accuracy can
mean that the model is good at predicting the majority
class.
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TABLE I
DEEP LEARNING MODEL RESULTS
M odéel SMOTE Class Precision Recall F1-Score Support Accuracy

Sequential No No Stroke 0.96 1.00 0.98 2965 0.96
Stroke 0.00 0.00 0.00 128

TabNet Classifier No No Stroke 0.97 0.81 0.88 4089 0.80
Stroke 0.08 0.38 0.14 182

Sequential Yes No Stroke 0.92 0.90 0.91 190 0.91
Stroke 0.90 0.92 0.91 186

TabNet Classifier Yes No Stroke 0.97 0.94 0.95 94 0.95
Stroke 0.94 0.97 0.95 94

The TabNet Classfier model without SMOTE
performed slightly better, achieving a recall of 0.38 for
the Stroke class. However, its accuracy remained very
low at 0.08, indicating a high number of false positives.
As a result, the F1-score for this class dropped to 0.14,
indicating a clear imbalance between precison and
recall. This relationship shows that the F1-score, which
is the harmonic mean of precision and recall, will only
be high when both metrics are equal. In this case, even
though the recall improved dlightly, the very low
precison prevented the Fl-score from increasing
significantly. This suggests that data imbalance hinders
the model's ability to generalize patterns associated with
minority groups accurately.

Both models demonstrated significant improvements
in performance after applying the SMOTE oversampling
method. The Sequential model's accuracy went up to
91%, and the precision (0.90) and recal (0.92) were
well-balanced across both classes. This balance
demonstrates that SMOTE enabled the model to learn
essential patterns from the minority class without
compromising its ability to identify the mgjority class.

After SMOTE was used, the TabNet Classifier did
even better, getting 95% accuracy and a precision and
recall of 0.95 for the Stroke class. This balance between
precision and recall resulted in a consistently high F1-
score (0.95), indicating that the model maintained a high
percentage of correct optimistic predictions while
minimizing false classifications. The close match
between recall and F1-score also indicates that the model
not only identified more true positive cases but aso
maintained the reliability of its predictions, a crucial
requirement for medical decision-support systems.

When comparing the effects of SMOTE on deep
learning models to those on machine learning models,
the impact on deep learning models is even more
consistent. After data balancing, both Sequential and
TabNet showed balanced performance. However,
TabNet stood out for keeping high accuracy with a

smaller dataset. This finding suggests that TabNet is
more efficient in terms of computing power while
maintaining high detection quality, making it a suitable
choice for rea-world applications with limited
computing resources.

In general, these results demonstrate the importance
of preprocessing and balancing data when working with
medical datasets that aren't balanced. The increase in
recall directly raised the Fl-score, showing the
connection between sengtivity (recall) and model
reliability (F1-score) in health-related predictions. From
a clinical perspective, enhancing recall ensures the
accurate identification of a greater number of at-risk
patients, while sustaining ahigh F1-score guarantees that
theseidentifications are significant and not overwhelmed
by false positives.

Using SMOTE made deep learning models for stroke
prediction much more sensitive and overall stronger.
These results demonstrate that balanced data
distributions enable deep learning models to be both
statistically and clinically relevant. This opens the door
to more widespread use of SMOTE-based methods in
other areas of disease diagnosis where identifying
minority cases early is crucial.

The comparative anaysis between traditiona
machine learning models (L ogistic Regression, Random
Forest) and deep learning models (Sequential, TabNet)
reveals that they perform differently due to their distinct
architectura designs. Without SMOTE, all of the models
were very biased toward the No Stroke class. Thisis a
common problem when training on datasets that aren't
evenly distributed. Linear models, including Logistic
Regression and Sequential, were unable to capture
intricate nonlinear feature relationships, leading to
inadequate Stroke detection despite acomparatively high
overall accuracy.

On the other hand, Random Forest, which employsan
ensemble approach, proved more robust for tabular
medical data because it can model nonlinear patterns
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using multiple decision trees. However, it still failed to
address minority cases (recal = 0.00), even without
balancing. After using SMOTE, the precision, recall, and
Fl-score all increased significantly. This shows that
ensemble models work well with balanced data.

TabNet Classifier consistently outperformed other
deep learning models, getting balanced precison and
recall after SMOTE. TabNet uses sequential attention
mechanisms to focus on the most important clinical
features (like age, hypertension, and BMI), which makes
it easier to understand and works better than regular
neural networks. Its hybrid design, which combinestree-
like feature selection with neura attention, enables it to
learn effectively from sparse, diverse tabular data and
maintain high accuracy even with smaller datasets.

In general, both Random Forest and TabNet achieved
the most from SMOTE, asit utilized feature diversity to
enhance discriminative power without overfitting.
Random Forest is better suited for modeling nonlinear
relationships, while TabNet excels at adapting to and
explaining complex medical data These results
demonstrate that selecting a model and balancing the
data are closdy linked, and that attention-based
architectures, such as TabNet, are effective for both
prediction and interpretation in medical prediction tasks
where the data is unbal anced.

C. Xai SHAP

The SHAP (SHapley Additive Explanations) analysis
results in Fig. 2 show that age, smoking status, and
occupation are the three most important factors that
affect stroke risk prediction. Ageis strongly linked to a
higher risk of stroke, which means that older people are
more likely to have one. On the other hand, not smoking
lowers the risk of having a stroke by a lot. Occupation
also plays asignificant role, likely dueto factors such as
stress levels, physical activity levels, or exposure to
certain environmental risks. This analysis corroborates
prior medical research indicating that demographic and
lifestyle factors are significant predictors of stroke.

Fig. 3 shows a SHAP waterfall plot visualization that
provides a detailed view of how each feature affects a
stroke prediction case. In thisinstance, variables such as
residing in an urban environment, being male, and
having never smoked reduce thelikelihood of stroke. But
older age and some jobs are essential factors that make a
stroke more likely. Thisinformation is crucial because it
can help identify risk factors that can be modified, such
as making lifestyle changes or adjusting the work
environment. The waterfall plot makes it easier for both

patients and healthcare professionals to understand how
decisions are made.

Additionally, Fig. 4 shows a graph of the average
feature contributions made by SHAP, which were then
compared to the coefficients in the Logistic Regression
model. Theresultsof thiscomparison demonstrate ahigh
level of consistency, with age and lifestyle factors, such
as smoking habits, remaining the most significant in both
analyses. This consistency makes the results more
reliable and reducesthelikelihood of biasthat could arise
from using only one model. These findings have
pragmatic implications for stroke prevention strategies,
especially regarding smoking cessation and healthcare
for older people. The agreement of the results from
SHAP and L ogistic Regression also makesthe prediction
system morereliable.

D. XAl LIME

The Loca Interpretable Model-Agnostic
Explanations (LIME) method was used in this study to
give in-depth explanations of each prediction made by
the Random Forest model. This method emphasizes|ocal
interpretation, which helps you understand better why a
specific prediction was made. In the case examined, the
model had a 96% chance of predicting the “No Stroke”
class. In contrast, the probability for the “Stroke” class
was only 4% in Fig. 5. This significant difference in
probability indicates that the model is highly confident
in its prediction of no stroke. LIME helpsto sort out the
factors that affect these probabilities, separating the
beneficia and detrimenta effects on the outcome.

High
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Fig. 2 Summary plot of SHAP results
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Fig. 3 Forceplot of SHAP results

Although the magjority of factors in Fig. 5 show a

negative contribution to stroke risk, some variables make
a positive, though not dominant, contribution. These
factors include a history of heart disease, hypertension,
male gender, and urban residence. These variables
increase the probability of stroke by a small amount, but
are till relevant for risk interpretation. The presence of
these positive factors suggests that even if a patient is
predicted to be "No Stroke," there are certain conditions
that require further attention. This LIME analysis
complements the global findings from SHAP, providing
a more contextualized, personalized picture for each
individual. Integrating the results from Fig. 5 with the
SHAP visudization offers a more comprehensive
approach, increasing the transparency and accountability
of the machine |learning-based prediction system.
The SHAP and LIME explanations successfully
pinpointed significant predictive attributes, including
age, smoking status, and occupation, aligning with
recognized medical risk factors for stroke. However, the
interpretation can be enhanced by more clearly linking
these model-derived feature importances to clinical
reasoning. For instance, SHAP values that show astrong
positive effect of advanced age and smoking status on
stroke risk are in line with epidemiological studies that
show that both factors make the cerebrovascular system
more vulnerable. Similarly, the occupational variable
may indicate stress resulting from lifestyle choices or
levels of physical activity, both of which are known to
impact heart hedth. Focusing on these clinical
correlations strengthens the idea that the model's feature
importance is not only statistically sound but also
clinically reasonable and understandable. This makes it
more trustworthy for medical decision support.

However, even though SHAP and LIME make
models much more transparent, they aren't always easy
to understand. SHAP values can be influenced by the

degree of relatedness between features. This means that
if two or more clinical variables (such as age and blood
pressure) are closely related, their individual
contributions may not be distributed evenly, which could
lead to a misinterpretation of their importance. LIME
explanations also depend on several parameter settings,
such as the number of perturbation samples or the width
of the kernel. Changing these parameters could lead to
slightly different local explanations, which could make
the interpretation less stable and less reproducible.
Consequently, the insights offered by SHAP and LIME
should be viewed as auxiliary diagnostic explanations
rather than definitive causal evidence. Recognizing these
limitations is essentia to guarantee that explainability
techniques are interpreted judicioudy and in conjunction
with clinical expertise, preserving both statistical validity
and medical relevance in decision support applications.
In line with Kourou observations regarding the
significance of data heterogeneity and feature selection
in medical prediction, this study achieved even greater
improvement—particularly in the post-SMOTE Random
Forest model—than previous works, which emphasized
the importance of data quality and feature relevance in
improving healthcare classification models. This likely
resulted from the integration of clinically relevant
attributes and optimized data preprocessing [27].
Overdl, the results confirm that SMOTE improves
minority class detection across both machine learning
and deep learning models. However, the absence of
external validation across independent datasets limitsthe
generaizability of these findings. Moreover, the
combination of oversampling and a relatively small
dataset size increases the risk of overfitting, which may
artificially inflate performance metrics. To address these
issues, future work should include validation on multi-
source or hospital-based clinical datasets to ensure
robustness, reliability, and potential clinical relevance.
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The practical implication of this research is the need
to apply data badancing methods and model
interpretability to medical decision support systems,
especially for low-incidence diseases such as stroke [ 26].
The research results can be used by hedthcare
institutions to develop screening algorithms that are
more sensitive to high-risk cases, while maintaining
transparency in clinical decison-making [11].
Theoreticaly, this research contributes to the
development of a hybrid approach that combines data
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balancing and explainable Al as a strategy to improve
accuracy and user trust. However, this research has
limitations, including the use of a single dataset and the
failure to test the model on real-time data or across
different populations [27]. For future research, it is
recommended to conduct externa validation using
multi-source data, explore more adaptive baancing
techniques, and compare the results with other
interpretability methods, such as counterfactual
explanations. This will alow continued research to
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strengthen the practica application and academic
relevance of these findingsin the future.

This study has significant limitations, despite its
promising results. The use of the Kaggle Stroke
Prediction Dataset means that the results may not
accurately reflect the prevalence of strokes, population
diversity, or clinical workflows in the real world. It isa
synthetic and aggregated dataset, so it doesn't have the
depth and variety of data from hospitals or populations.
Additionally, the oversampling process with SMOTE,
while it does help identify minority classes more
effectively, can aso create artificia patterns that aren't
present in rea patients. Consequently, the robust
performance metrics observed should be regarded as an
indication of methodological potential rather than direct
clinical applicability.

V. CONCLUSION

This research demonstrates that integrating data
balancing methodologies, such as SMOTE, with
interpretable machine learning and deep learning models
can significantly enhance the identification of minority
classesin medical prediction tasks, particularly in stroke
risk evaluation. By using explainable Al methods like
SHAP and LIME, the models not only made accurate
predictions but aso provided clinicaly useful
information that aligned with known risk factors. The
findings underscore the significance of explainability
and data preprocessing in guaranteeing thereliability and
credibility of Al-driven medical decision support
systems. However, since this study utilized a singular
dataset without external validation, subsequent research
should concentrate on cross-institutional  datasets,
prospective  data  collection, and rea-world
implementation to assess generalizability and practical
applicability. Expanding this framework to additional
disease areas and incorporating it with secure, privacy-
compliant clinical infrastructures will promote the
utilization of explainable and ethically robust Al in
healthcare.
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