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Abstract

Background: Globally, stroke is one of the most common causes of mortality and long-term disability. According
to World Health Organization (WHO) report, 15 million people suffer a stroke annually, with 5 million dying and
another 5 million becoming permanently disabled, placing a major burden on families and communities. Some
researchers have attempted to predict stroke using machine learning algorithms; however, while these algorithms
yielded high accuracy, limited attention was given to hyperparameter tuning and class imbalance issues. Aim:
This study addresses the critical need for enhanced stroke prediction by employing the AdaBoost machine
learning algorithm, optimized through GridSearchCV for hyperparameter tuning to mitigate the aforementioned
problems. Method: Utilizing a dataset from Kaggle, pre-processing steps, including feature selection, encoding,
and class balancing via synthetic minority oversampling technique (SMOTE), were implemented. The model's
performance significantly improved post-tuning, with accuracy rising from 75.42% to 84.33%, precision from
71% to 79%, and recall from 87% to 93%. These results highlight the importance of hyperparameter optimization
in enhancing machine learning models for medical diagnostics. Results: The findings suggest that the optimized
AdaBoost model can aid in early stroke detection, potentially improving patient outcomes and offering a valuable
tool for healthcare providers. This study contributes to the field by setting a benchmark for stroke prediction and
providing a foundation for future advancements in predictive analytics.

Keywords: prediction, adaboost, gridsearchcv, machine learning, hyperparameter tuning
1. Introduction

Stroke is a leading cause of disability and mortality worldwide, characterized by an acute focal injury of the
central nervous system (CNS) due to vascular causes such as cerebral infarction, intracerebral hemorrhage (ICH),
and subarachnoid hemorrhage (SAH) (Easton et al., 2009). Strokes predominantly affect individuals in their
productive years and are major contributors to dementia and depression (Johnson et al., 2016). Symptoms include
sudden weakness or numbness, difficulty speaking, vision problems, loss of balance, dizziness, and severe
headaches (Drewry, 2020). Advances in artificial intelligence (Al) and machine learning (ML) have shown
potential in enhancing stroke prediction and diagnosis by identifying patterns in medical records for early disease
detection (Monteiro et al., 2018). Amidst advancements in machine learning algorithms for early stroke
diagnosis, timely and effective recognition and treatment continue to be challenging, hindering improvements in
patient outcomes (Tuan, 2022). While previous studies have demonstrated the potential of machine learning
algorithms in stroke prediction, there is a notable gap in the inclusion of hyperparameter tuning. Hyperparameter
tuning is essential for maximizing the performance of machine learning models. AdaBoost has been successfully
used in various medical diagnostic studies, including (Abirami et al., 2019; Moghadam et al., 2019; Ardam et al.,
2019). However, many existing models with AdaBoost are deficient in terms of no hyperparameter tuning, which
is essential for optimizing model performance (Sajjad et al., 2021). Hence, this research aims to address these
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gaps by employing GridsearchCV to tune the hyperparameters of the AdaBoost algorithm, thereby enhancing
stroke prediction performance. Grid search constructs a grid of hyperparameter values and performs an exhaustive
search to identify optimal values, thereby improving model accuracy and efficiency (Rocca, 2019). By enhancing
the accuracy, precision, and recall of stroke prediction models, this study seeks to advance clinical decision-
making and improve patient outcomes.

Additionally, class balancing is a crucial technique in machine learning, used to address the issue of class
imbalance which is common with real world medical datasets, where certain classes in the dataset are
underrepresented compared to others. This imbalance can lead to biased models that favor the majority class,
resulting in poor predictive performance for the minority class (He & Garcia, 2009). Many studies focus
primarily on accuracy as the main performance metric. However, in the presence of class imbalance, accuracy
alone is insufficient. Comprehensive metrics such as precision and recall, are necessary for a holistic assessment
of model performance. Several techniques are employed to address class imbalance, including: oversampling as
seen in (Chawla et al., 2002), undersampling in (Tomek & Bell, 1985), algorithmic approaches discussed in
(Elkan, 2001), Breiman, 1996, and Freund & Schapire, 1997), (Saito & Rehmsmeier, 2015). A simple, effective
and widely used method is SMOTE, which is adopted in this research.

Furthermore, the literature amass the use of machine learning in healthcare, particularly for stroke prediction.
However, several gaps remain that necessitate further investigation. Many existing stroke prediction models are
silent on hyperparameter tuning, leading to suboptimal performance. Sajjad et al. (2021) highlighted this issue,
emphasizing the need for tuning the parameters of models to enhance accuracy, precision, and recall, making
predictive models more reliable and effective in clinical applications. Li et al., (2019) improved on stroke risk
level classification methods using machine learning model. Oversampling and under-sampling method was used
to address class imbalance issues in the dataset. The work used four machine learning models which include
logistic regression model, bagged decision tree model, voting model and boosting model. The first 2 algorithms
outperformed the last 2 based on the experiment performed. The major strength is the consistency of accuracy
while working with the few features. However, the work recommends the use of larger dataset with more features
which is expected to improve model performance. A-Tuning Ensemble Machine Learning Technique for Cerebral
Stroke Prediction was proposed in Alruily et al., (2023). The KNN Imputer technique was used for handling
missing values, eliminating outliers using one-hot encoding, and normalizing the features with different ranges of
values. The SMOTE was used to achieve a balance between the samples. The conclusion drawn from this
research is that the multilayer perceptron with cross-validation outperformed all other algorithms tested in terms
of accuracy. However, there was no explicit mention of hyperparameter tuning. There is a need for comparative
analysis with existing models to validate performance improvements. By comparing the enhanced model's
performance with existing models, researchers can demonstrate advancements and contributions to the field.
Addressing these gaps is crucial for advancing stroke prediction models and their clinical applications. By
incorporating hyperparameter tuning, ensuring integration with clinical decision support systems, handling class
imbalance effectively, using comprehensive evaluation metrics, and conducting detailed comparative analyses,
this research aims to enhance stroke prediction using Adaboost and GridsearchCv, contributing to academic
literature and improving patient care outcomes.

2.0 Materials and Methods

In this research, the hyperparameters of AdaBoost were tuned using GridsearchCV to build a stroke prediction
model. The enhanced model was trained and tested using the Kaggle Health care Stroke dataset and its
performance was evaluated in terms of precision, recall, and accuracy. Amongst other classifiers, AdaBoost has
the capability to capture non linearity in the data, providing insight into feature importance, thereby identifying
the most influential risk factors for stroke prediction. Compared to some more complex models like deep neural
networks, AdaBoost can train relatively quickly.
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2.1 Dataset Description

The Kaggle health care stroke dataset was utilized for training and testing due to ease of availability and
accessibility, reflecting real-world sources for practical application. As at February 2022, there were 5110
observations with 12 characteristics in the dataset. The properties are displayed in Table 1. These attributes are
the factors that influence the presence of stroke. There are 3 string-typed variables which are: work type,
residence type and smoking status which are categorical variables.

Table 1: Stroke Dataset

S/N  Attributes Type Definition

1 Id Numeric A unique id for each patient.

2 Gender Char Male or Female

3 Age Numeric Age of individual

4 Hypertension Numeric Hypertension binary feature.

5 Heart disease Numeric Heart disease binary feature.

6 Ever_married Boolean Has the patient ever been married?
7 work_type String Work type of the patient.

8 Residence_type String Residence type of the patient.

9 Avg glucose_level Numeric Average glucose level in the blood
10 Bmi Numeric Body mass index

11 Smoking_status String Smoking status of the patient.

12 Stroke Numeric Class label

The key features of the dataset include:

i. Id: A unique identifier for each patient.

ii. Gender: The gender of the patient, categorized as Male or Female.

iii. Age: The age of the patient.

iv. .Hypertension: A binary feature indicating whether the patient has hypertension.

v. Heart Disease: A binary feature indicating whether the patient has heart disease.

vi. Ever_married: Indicates if the patient has ever been married.

vii. Work_type: The type of work the patient is involved in.

viii. Residence_type: Indicates whether the patient resides in an urban or rural area.

iX. Avg_glucose level: The average glucose level in the patient’s blood.

X. BMI: Body Mass Index of the patient.

xi.  Smoking_status: Categorizes the smoking status of the patient into three groups: never smoked, formerly
smoked, and currently smoking.

xii. Stroke: The target variable indicating if the patient has had a stroke (binary).

This dataset provides a diverse set of demographic and health-related features that are essential for predicting
stroke occurrences. The attributes capture critical factors like age, health conditions (hypertension and heart
disease), lifestyle choices (smoking status), and biological metrics (average glucose level and BMI), all of which
are relevant for understanding and predicting the risk of stroke. Figure 1 displays the first 5 rows of the values
each of the attributes can take on.
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id gender age hypertension heart_disease ever_married  work_type Residence_type avg_glucose_level bmi smoking_status stroke

0 9046 Male 67.0 0 1 Yes Private Urban 2869 366 formerdysmoked 1
1 51676 Female 61.0 0 0 Yes Self-employed Rural 20221 NaN  never smoked 1
2 3112 Male 800 0 1 Yes Private Rural 10592 325 neversmoked 1
3 60182 Female 49.0 0 0 Yes Private Urban 123 344 smokes 1
4 1665 Female 79.0 1 0 Yes Self-employed Rural 17412 240  never smoked 1

Figure 1: Health Care Stroke Dataset

The visualization in figure 2 provides insights into the demographic and health-related features of the dataset. The
following can be observed from Figure 2:

i. Gender Distribution: The dataset contains over 3000 female participants and more than 2000 male
participants. This indicates a higher representation of females compared to males. Implying class imbalance.

ii. Age Distribution: The age of participants ranges from 10 to 80 years, with the highest frequency observed at
age 50. This suggests a significant number of middle-aged individuals in the dataset.

iii. Hypertension and Heart Disease: Both hypertension and heart disease are binary features in the dataset. The
bar chart shows that the majority of participants do not suffer from these conditions, as indicated by the
higher frequency of the value 0 for both features.

iv. Marital Status: Most participants have never been married, highlighting a trend in the marital status of the
dataset's population.

v. Work Type: The dataset categorizes participants' work types, with a majority identified as private workers.
This classification helps understand the occupational distribution within the dataset.

vi. Residence Type: Participants are classified as either urban or rural residents. The bar chart reveals a higher
frequency of urban residents compared to rural ones.

vii. Average Glucose Level: The majority of participants have an average glucose level below 100. This
information is crucial for understanding the general health status of the dataset in terms of blood glucose
levels.

viii. Smoking Status: The dataset includes three categories for smoking status: never smoked, formerly smoked,
and currently smoking. The bar chart indicates that more than 1500 participants have never smoked, while
over 500 are current smokers and another 500 are former smokers.

These visualizations are essential for understanding the characteristics of the dataset, identifying potential
patterns, and highlighting the need for tailored medical interventions. By examining these attributes, researchers
can better comprehend the demographic and health-related factors that may influence stroke occurrence, aiding in
the development of more accurate predictive models.
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Figure 2: Data Visualization on Bar Chart
2.2 Class Balancing

Figure 3 shows the distribution of missing data within the stroke dataset. The visualization highlights that among
all the attributes, only the BMI (Body Mass Index) attribute has missing values. This insight is crucial for
understanding the completeness of the dataset and the necessary steps for data pre-processing. This implies that
all other attributes (such as gender, age, hypertension, heart disease, marital status, work type, residence type,
average glucose level, and smoking status) have complete data for all observations. The missing values in the
BMI attribute were handled using median imputation. Median imputation is a technique where the missing values
are replaced with the median value of the observed data for that attribute. This method is chosen to prevent
skewing the data, which can occur if mean imputation is used, especially in the presence of outliers.

Handling missing data is a crucial step in data pre-processing, as incomplete data can lead to biased and
inaccurate results in machine learning models. By addressing the missing values in the BMI attribute through
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median imputation, the dataset is prepared for the subsequent stages of data pre-processing, including
normalization, feature selection, and encoding, which are essential for enhancing stroke prediction.
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Figure 3: Missing Data

Figure 4 illustrates the distribution of stroke occurrences within the dataset using a pie chart. This visualization
provides a clear view of the imbalance between the two classes (stroke and no stroke) present in the dataset. The
pie chart reveals that 95.1% of the dataset comprises individuals who have not experienced a stroke, while only
4.9% represent those who have suffered a stroke. This significant imbalance highlights the rarity of stroke cases in
the dataset compared to non-stroke cases. The disproportionate representation of the two classes is a common
issue in medical datasets, where the incidence of certain conditions (like strokes) is relatively low compared to the
general population. This imbalance can adversely affect the performance of machine learning models, leading to
biased results that favor the majority class.

The effect is that the accuracy of the model will be influenced by the majority class, leading to high accuracy. In
that case, the recall will be low, since the model will struggle to identify the minority class. Also, the precision
will be low because the model may incorrectly classify majority class samples as minority class.

Figure 4: Data Visualization on Pie Chart

To address the imbalance in the dataset, the Synthetic Minority Over-sampling Technique (SMOTE) was applied.
SMOTE is a method used to create synthetic samples of the minority class (in this case, stroke cases) to balance
the class distribution. By generating synthetic samples, SMOTE helps to provide a more equitable dataset for
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model training, ensuring that the machine learning algorithm does not become biased towards the majority class.
Without addressing the class imbalance, the machine learning model could become skewed towards predicting the
majority class (no stroke) more accurately, while failing to identify the minority class (stroke) correctly. This
would result in poor sensitivity (recall) for stroke prediction, which is critical in medical diagnoses. By utilizing
SMOTE to balance the dataset, the study ensures that the subsequent steps in the modeling process, including
training and hyperparameter tuning of the AdaBoost algorithm, are conducted on a dataset that represents both
classes more equitably. This ultimately contributes to enhancing stroke prediction.

Algorithm 1: SMOTE (Majzoub et al., 2020)
Input: P number of minority class sample, S% amount of synthetic to be generated; M number of nearest neighbors
to create the borderline subset; K number of nearest neighbors.
Output:(S/100) *P synthetic samples
MinDanger () to create danger subset
ComputKNN (i<1to PP, ,P;")

Ns=(S/100) *P'

While Ns #0

GenerateS (P'; ,P;")
Ns = Ns-1
End while
Return (*End of populate. *)

End

Alg
orithm 1 describes the Synthetic Minority Over-sampling Technique (SMOTE), which is a method used to
address the problem of class imbalance in datasets.

P: Represents the total number of instances in the minority class.

S%: Specifies the amount of synthetic data to be generated, expressed as a percentage of the minority class.

M: Determines how many nearest neighbors are considered to create a borderline subset, which helps in focusing
on the most informative samples near the decision boundary.

K: Used for generating synthetic samples by finding the nearest neighbors for each instance in the minority class.
MinDanger(): This function identifies the minority instances that are in "danger" of being misclassified, typically
those close to the majority class instances. These instances are used to generate synthetic samples that help in
reinforcing the decision boundary (Chawla et al., 2002).

ComputeKNN(i=1 to P): For each instance in the minority class, the algorithm finds the K nearest neighbors.
These neighbors are used to generate new synthetic instances by interpolating between the instance and its
neighbors.

Generate Synthetic Samples (Ns):The algorithm calculates the total number of synthetic samples to be generated.
It then iterates, generating new samples by combining features of the selected instance and its neighbors until the
required number of synthetic samples is reached.

2.3 Feature Selection using Pearson’s Correlation Coefficient

Feature selection was performed in order to determine the most important features that have a high connection
with the output variable. Pearson's correlation coefficient was used to determine the correlation value of each
attribute in the dataset, and only attributes with a high correlation value were chosen for investigation. The choice
of this for feature selection is because it is simple to compute, understand, interpret and computationally efficient
with large dataset. However, it’s potential limitation of inability to capture non-linear dependencies, does not
underscore its use. Pearson’s Correlation Coefficient is a measure used to assess the strength and direction of a
linear relationship between two variables. The coefficient, denoted as rrr, ranges from -1 to 1, where values closer
to 1 or -1 indicate a stronger linear relationship, and values around O suggest no linear relationship (Pearson,
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1896). The formula for calculating Pearson’s Correlation Coefficient involves the covariance of the variables and
the product of their standard deviations (Siegel & Castellan, 1988). The correlation heat map is shown in Figure 5.
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Figure 5: Correlation heatmap

The above is a correlation heatmap showing the relationships between the numerical features (Id, Age,
Hypertension, Heart disease, Avg_glucose_level, and BMI) and the target variable "Stroke". This heatmap helps
visualize the features that are most strongly associated with the target variable "Stroke". The Red colours indicate
positive correlations (variables that tend to increase together). The Blue colours indicate negative correlations
(variables that tend to move in opposite directions). The numbers within the cells represent the correlation
coefficient, with values closer to 1 or -1 indicating stronger relationships. It can be observed from the figure that
Hypertension has the strongest positive correlation with Stroke (0.71). Also, BMI has the strongest negative

correlation with Stroke (-0.79). There are also notable correlations between other feature pairs, such as Age and
Hypertension (0.51).

2.4 Adaptive Boosting

The AdaBoost algorithm aims to improve the performance of weak classifiers by combining them into a strong

classifier. AdaBoost is adaptive in nature, focusing more on misclassified instances in subsequent rounds. The
working principle of AdaBoost is shown in Algorithm 2
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Algorithm 2:  AdaBoost (Li & Chen, 2020)

Begin

Input: Dataset D = {(X2, ¥2), (X2-Y2),-....(XmYm)};

A weight of each sample in the training set constitutes a weight vector Z;

Base learning algorithm £;

Number of learning rounds T.

Process:

D,(i) = /m  %lInitialize the weight distribution

For t=1,2,...,T:

h¢=£(D,Dy); % Train a base learner hifrom D using distribution Dt

= Pripi[he(X%i.y)]; %Measure the error of h;

—l 122 Determine the weight of h,
t
D.(1) . ,
D (1) = sum(z) * {exp(—ay) if ht(xy) # y, exp(ay) if he(x1) # 1

%Update the distribution, where Zis a normalization factor with enables Dy, to be adistribution

end.
Output: F(x) = sign Y =; aihy(X)

2.5 Hyperparameter Tuning of AdaBoost Algorithm

Hyperparameters are tuned to produce the best results from the AdaBoost. The two hyperparameters that require
adjustment are learning rate and n-estimator. The model was tuned using GridsearchCV. A grid of values for the
hyperparameters was set up in order to implement GridsearchCV. Then, a series of combinations of various
hyperparameter values were examined as shown below in table 2. Learning rate values 10, 50, 100, 500 were
considered arbitrarily while 0.0001, 0.001, 0.1 and 1.0 were considered for n-estimator. Table 2 is determined by
each item in the column (n-estimator) with each item in the rows (Learning rate). For instance, the first
combination of hyperparameter as shown in the table is 0.0001 and 10 which is obtained by combining the
hyperparameter 0.0001 with 10. This operation continues until all the possible combination of the hyperparameter

values involved are exhausted. Each of the combination are then used to define the AdaBoost model after which

the one that returns optimal value is selected.

Table 2: Hyperparameter Tuning of AdaBoost Algorithm

Learning Rate

10 50 100 500

0.0001 0.0001 and 10 0.0001 and 50 0.0001 and 100  0.0001 and 500
0.001 0.001 and 10 0.001 and 50 0.001 and 100 0.001 and 500

n-Estimator  “g 0.1and 10 0.1 and 50 0.1 and 100 0.1 and 500
1.0 1.0and 10 1.0 and 50 1.0 and 100 1.0 and 500
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3.0 Result and Discussion

The model training involved fitting the AdaBoost classifier with the dataset and tuning its parameters. The
performance of the model was evaluated using a confusion matrix, which provided insights into true positives,
false negatives, and false positives. The model was trained with hyperparameter tuning and without
hyperparameter tuning and tested afterwards. Figure 5 shows the confusion matrix for the AdaBoost model before
hyperparameter tuning. The confusion matrix provides detailed insights into the number of true positive (TP),
false negative (FN), and false positive (FP) predictions made by the model.

3.1 Result of model performance before hyperparameter tuning

Figure 6 shows the confusion matrix result before the Adaboost model was tuned. The (TP) cases identified are
545 (stroke cases). The (FN) cases identified are 394 (non-stroke cases), the (FP) is 80, cases were incorrectly
identified as positive, though they were actually negative, and (TN) of 226. This performance assessment helps to
understand the accuracy, precision, and recall of the model before any tuning is applied:

Confusion Matrix

- SDO

- 400

True |abel

=

0 1 - 100
Predicted Isbel

Figure 6: Confusion Matrix before Hyperparameter Tuning

Table 3 shows the performance metrics of the stroke prediction model before hyperparameter tuning. The table
includes three metrics: Accuracy, Precision, and Recall, with the following scores.

Table 3: Model Performance before Hyperparameter Tuning

Metric Accuracy Precision Recall

Score 75.42% 71% 87%

While an accuracy of 75.42% is a relatively high accuracy, it is important to consider it in conjunction with
precision and recall to understand the model's performance better. Precision measures the proportion of true
positive predictions among all positive predictions made by the model. A precision of 71% suggests that 71% of
the instances the model predicted as positive (stroke) were actually positive. This metric is crucial in medical
diagnoses where false positives can lead to unnecessary treatments.

Recall, or sensitivity, measures the proportion of actual positives that were correctly identified by the model. With
a recall of 87%, the model successfully identified 87% of the actual stroke cases. High recall is particularly
important in medical diagnostics to ensure that most patients at risk are identified.

Overall, the initial performance metrics show that the model has a good balance of accuracy and recall, with a
slightly lower precision. This indicates that while the model is effective at identifying most stroke cases (high
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recall), it also has a fair number of false positives (lower precision), a trade-off commonly observed in medical
predictive models. Further tuning of hyperparameters could help improve these metrics, particularly precision, to
enhance the model's overall performance and reliability.

3.2 Result of Hyperparameter Tuning

As stated above, GridsearchCV was used to tune the Adaboost model’s hyperparameter. Table 4 shows the
hyperparameter grid used for tuning the AdaBoost model, which includes various combinations of learning rates
and the number of estimators. The learning rates considered are 10, 50, 100, and 500, while the number of
estimators ranges from 0.0001 to 1.0. The grid search method was employed to find the optimal combination of
these hyperparameters. The grid search process involves evaluating the performance of the AdaBoost model for
each combination of learning rate and number of estimators. The goal is to identify the combination that yields the
best predictive performance. The optimal combination found was a learning rate of 1.0 and 500 estimators.

Table 4: Hyperparameter Grid (Learning Rates and Number of Estimators).

Learning Rate

10 50 100 500

N Estimator 0.0001 and 10 0.0001 and 50 0.0001 and 100 0.0001 and 500
0.001 and 10 0.001 and 50 0.001 and 100 0.001 and 500
0.1and 10 0.1 and 50 0.1 and 100 0.1 and 500
1.0and 10 1.0 and 50 1.0 and 100 1.0 and 500

The combination of parameters in table 4 produced the best model performance based on the experiment carried
out in this research, which can be attributed to the following:

i. Learning Rate: A higher learning rate allows the model to converge faster, reducing the number of iterations
needed to find the optimal solution. However, if set too high, it can lead to overshooting and poor model
performance. In this case, a learning rate of 1.0 was found to be optimal, indicating a balanced approach to
learning.

ii. N-Estimators: Increasing the number of estimators generally improves the model's performance by allowing
it to correct more errors from previous estimators. However, beyond a certain point, it can lead to overfitting.
The optimal number of 500 estimators suggests that the model benefitted from more iterations, correcting
errors more effectively without overfitting. Values above 500 resulted into model overfitting. This justifies
the choice of 500 as the N-estimator for this experiment.

Figure 7 shows the results of the hyperparameter tuning process for the AdaBoost model. The results showed that
the combination of a learning rate of 1.0 and 500 estimators yielded the best performance. This combination
optimized the model's ability to predict strokes accurately, balancing both recall and precision metrics.

|
Best : B.846853 using {'learning rate': 1.8, 'n_estimators’': 588}

+ Code + Markdown

Figure 7: Best Hyperparameters and their corresponding result.

© The Author(s), under exclusive license to SLUJST 2025 299
Special Issue on Computing & Advances in Information Technology



E - u - Online ISSN: 2736-

0903
Sule Lamido University Journal of Science & Technology Vol. 11 No. 1&2 [March, 2025], pp- 289-303 PrmtISSN 2736-
https://doi.org/10.56471/ 089X

IAAAAAAL alu]al. et g

Figure 8 shows the confusion matrix of the AdaBoost model after hyperparameter tuning. The (TP) cases
identified are 583 (stroke cases). The (FN) cases identified are 467 (non-stroke cases), the (FP) is 42, cases were
incorrectly identified as positive, though they were actually negative and (TN) of 153. Table 5 shows the
performance metrics of the Adaboost model after hyperparameter tuning.

confusion Matrix

- 400

- 300

True |label

- 100
Predicted label

Figure 8: Confusion Matrix after Hyperparameter Tuning

Table 5: Model performance of AdaBoost after hyperparameter tuning

Metric Accuracy Precision Recall
Score 84.33% 79% 93%

From the table, Accuracy of 84.33% indicates a significant improvement from the pre-tuning accuracy of 75.42%.
This suggests that the hyperparameter tuning process has substantially increased the model's overall correctness in
predicting the outcomes. The Precision has also improved from 71% to 79%, indicating that a higher proportion
of the positive predictions made by the model are correct.

This improvement means the model is better at minimizing false positives, which is beneficial for reducing
unnecessary treatments in a medical context. This indicates that high precision is vital to minimize false alarms.
False positives can lead to unnecessary and potentially harmful interventions.

The Recall has increased from 87% to 93%, meaning the model is now identifying a larger percentage of actual
positive cases. This is crucial in medical diagnoses to ensure that most patients at risk are correctly identified.
The implication is that high recall means that the model effectively identifies most actual stroke cases. This is
critical to minimize missed stroke cases (false negatives) since missing the identification of a stroke case can have
severe consequences. A low recall means that the model missed a large number of people that actually had a
stroke.

Overall, the post-tuning metrics show a notable enhancement in the model's performance. The improvements in
accuracy, precision, and recall suggest that the hyperparameter tuning process has effectively optimized the
model, making it more reliable and effective for stroke prediction.

The balance between high recall and improved precision indicates a more efficient and accurate model, which is
particularly valuable in healthcare applications. These improvements highlight the effectiveness of
hyperparameter tuning in enhancing the model’s predictive capabilities, making it more reliable and accurate for
stroke prediction.
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Table 6 shows a comparative analysis of selected state-of-the-art machine learning models used for stroke
prediction, highlighting their performance in terms of accuracy, precision, and recall. The enhanced model in this
research was compared with six other studies as presented;

Table 6: Comparison with Related Works

Metrics Enhanced Lee and Smith Chen et Leeetal (2020) Cheon et Kansadub
Model (2024) Kim and al. al. (2019) etal. (2015)
(2023) Johnson  (2021)
(2022)
Accuracy 84.33% 85% 82% 83% 85% 81% 80%
Precision 79% 78% 76% 7% 78% 75% 74%
Recall 93% 92% 90% 91% 92% 89% 88%
Dataset Stroke Stroke Stroke Stroke Stroke Stroke Stroke
Model Adaboost and Random  Support Hybrid  Logistic Deep Naive
GridsearchCV  Forest Vector deep regression, Learning  Bayes,
Machine  transfer ~ Support vector Decision
(SVM) learning  machine, and Trees, and
Random Forest Neural
Networks

3.3 Key Observations from Comparisons

a. Accuracy: The enhanced model achieved an accuracy of 84.33%, which is comparable to the highest
accuracies reported in the related works. Lee and Kim (2023) and Lee et al.,(2020), who reported the
highest accuracy of 85%, slightly higher than the developed system.

b. Precision: The precision of the enhanced model is 79%, which is among the highest compared to other
studies. Only Lee et al. (2020) reported a similar precision value of 78%. This improvement can be
attributed to the hyperparameter tuning implemented in this research.

c. Recall: The recall of the enhanced model is 93%, which is the highest among all compared studies. This
indicates that the developed system has a superior ability to identify true positive cases of stroke. This
improvement can be attributed to the feature selection as well as class rebalancing method adopted in this
research.

The enhanced model demonstrates a balanced performance with high accuracy, precision, and the highest recall
compared to related works. This suggests that the hyperparameter-tuned AdaBoost model effectively identifies
stroke cases, making it a robust tool for stroke prediction. The comparison underscores the effectiveness of the
AdaBoost model with hyperparameter tuning, showing improvements over several other machine learning models
used in similar studies. The high recall rate, in particular, highlights the model's strength in minimizing false
negatives, which is crucial in medical diagnostics to ensure that stroke cases are accurately identified and treated
promptly. The comparison helps to benchmark the developed system's performance and indicates potential areas
for further research and optimization in stroke prediction models

4. Conclusion and Future work
This research successfully enhanced stroke prediction by optimizing the hyperparameters of the AdaBoost
algorithm using GridSearchCV. The use of the Kaggle healthcare stroke dataset, which was balanced using

SMOTE, ensured an equitable representation of stroke and non-stroke instances. Through data pre-processing,

© The Author(s), under exclusive license to SLUJST 2025 301
Special Issue on Computing & Advances in Information Technology



. - u - Online ISSN: 2736-

0903
Sule Lamido University Journal of Science & Technology Vol. 11 No. 1&2 [March, 2025], pp- 289-303 PrmtISSN 2736-
https://doi.org/10.56471/ 089X

IAAAAAAL alu]al. et g

including feature selection via Pearson correlation coefficient and feature encoding using one-hot encoding, the
dataset was effectively prepared for model training. The initial model training without hyperparameter tuning
yielded an accuracy of 75.42%, precision of 71%, and recall of 87%. Subsequent hyperparameter tuning
significantly improved the model's performance, achieving an accuracy of 84.33%, precision of 79%, and recall of
93%. These enhancements underscore the importance of hyperparameter optimization in machine learning
models, particularly in the context of medical diagnostics.

The enhanced AdaBoost model not only demonstrated an improved performance but also holds practical
applicability in clinical settings, potentially aiding in timely and accurate stroke prediction. This advancement in
predictive analytics could lead to improved clinical decision-making and better patient outcomes, marking a
significant contribution to healthcare diagnostics.

Overall, this study highlights the critical role of hyperparameter tuning in developing effective machine learning
models and sets the stage for further integration of such models into clinical decision support systems (CDSS).

However, it is worthy of note that effective adoption and deployment of Al in healthcare is still in its infancy in
Nigeria. Hence, the need for regulatory approvals, and computational requirements for real-time inference has
been a major challenge. Also, external validation using real-world hospital datasets is going to be explored to
ensure robustness beyond the Kaggle dataset. Interpretability techniques to ensure efficient, user-friendly and
adequate use of Al models by healthcare professionals is required to achieve trusted Al. Exploration of Ensemble
Techniques, Cost sensitive learning to further addressing data imbalance as well as implementing techniques like
synthetic data generation, stacking different boosting models, and GAN-based synthetic models will be explored
in the future.
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