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State-of-the-art data mining tools incorporate advanced machine learning
(ML) and artificial intelligence (Al) models, and it is widely used in
classification, association rules, clustering, prediction, and sequential models.
Data mining is important for the process of diagnosing and predicting diseases
in the early stages, and this contributes greatly to the development of the
health services sector. This study utilized classification to predict the stroke
of a sample of the patient dataset that was taken from Kaggle. The
classification model was created using the data mining program waikato
environment for knowledge analysis (WEKA). This data mining tool helped
identify individuals most at risk of stroke based on analysis of features
extracted from the patient’s dataset. These features were used in classification
processes according to the naive Bayes (NB), random forest (RF), support
vector machine (SVM), and multi-layer perceptron (MLP) algorithms.
Analysis of the classification results of the previous algorithms showed that
the SVM outperformed other algorithms in terms of accuracy (94.4%),

sensitivity (100%), and F-measure (97.1%). However, the NB algorithm had
the best performance in terms of precision (95.7%).

This is an open access article under the CC BY-SA license.

@ 00

Corresponding Author:

Muneera Altayeb

Department of Communications and Computer Engineering, Faculty of Engineering
Al-Ahliyya Amman University

Al-Saro, Al-Salt, Amman, Jordan

Email: m.altayeb@ammanu.edu.jo

1. INTRODUCTION

Stroke, a potentially fatal consequence of atrial fibrillation, poses challenges in its prediction for
doctors due to its time-consuming and tedious nature. It primarily affects individuals over the age of 65 and is
comparable to a "heart attack™ in its damaging effect on the brain. In the United States and agricultural nations,
stroke is the third leading cause of death. It occurs when the brain's blood supply is obstructed or reduced.
There are two main types of stroke: ischemic stroke, caused by insufficient blood flow, and hemorrhagic stroke,
caused by bleeding. Hemorrhagic stroke can be further classified into subarachnoid hemorrhage and
intracerebral hemorrhage [1]. Stroke ranks among the world's main causes of mortality and disability. Stroke
ranks second in Korea in terms of causes of death. The population of Korea is expected to age quickly; by
2050, the proportion of people over 60 is expected to rise from 13.7% in 2015 to 28.6% [2]-[4].

Islam et al. [5] introduced adaptive gradient boosting machine learning (ML) models to classify and
predict acute stroke in active states. The study was conducted on electroencephalogram (EEG) of 75 healthy
adults without a history of any neurological diseases, and 48 patients who had been diagnosed with an acute
stroke. Results showed that the proposed model was approximately 80% accurate in classifying the stroke
group. In a study on stroke prediction, researchers explored the use of three ML models: deep neural network
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(DNN), random forest (RF), and logistic regression (LR). They evaluated the models' performance with
specific parameters and found that DNN, commonly used for predicting ischemic or acute stroke, showed
promise for long-term prediction as well. The DNN model achieved an impressive 88% accuracy when
considering input variables, outperforming the other models. The researchers highlighted the need to enhance
the model with automated and precise calculations, reducing the dependence on simpler models [6].

Hadianfard et al. [7] presented a study that aimed to predict stroke patients' survival rates by extracting
decision rules through the use of data mining techniques. The researchers used the multiple imputation method
to handle missing data when analyzing data from 4149 stroke patients that they had obtained from paper
medical records. To balance the target variable, they used methods like under- and oversampling in addition to
synthetic minority oversampling (SMOTE). Stroke patients' survival rate was predicted using the LR, decision
tree, and SVM algorithms. The repeated incremental pruning to produce error reduction (RIPPER) algorithm
was also used to extract decision rules. In terms of kappa (33.34), sensitivity (79.06%), and accuracy (76.96%),
LR outperformed the other algorithms. Nonetheless, the specificity (65.35%) and area under the ROC curve
(AUC) (0.77) were lower than other algorithms. Using an independent dataset of 234 records, the LR algorithm
that performed the best on the primary dataset was tested. When this method was used with the external
validation dataset, its accuracy (79.91%), sensitivity (83.94%), kappa (39.26), and AUC (0.8) all improved,; its
specificity (60.98%) did not change.

Choi et al. [8] created a new methodology for applying deep learning models to raw EEG data that
does not take frequency features into account. Using real-time EEG sensor data, the proposed stroke prediction
model was developed and trained. Several deep learning models specializing in time series data classification,
and prediction long short term memory (LSTM), bidirectional LSTM, convolution neural network (CNN)-
LSTM, and CNN-bidirectional LSTM were created and compared. When using raw EEG data, the LSTM
bidirectional CNN model predicted stroke with 94.0% accuracy and low false positive rate (6.0%) and false
negative rate (5.7%), demonstrating high confidence in our method.

Modern ML algorithms and data preprocessing tools are arranged in an orderly manner on the waikato
environment for knowledge analysis (WEKA) workbench. Using these methods from the command line is the
primary method of interacting with them. However, easy-to-use interactive graphical user interfaces are
available for data exploration, large-scale experiment setups on distributed computing platforms, and stream
data processing configuration design. These interfaces make up a sophisticated setting for data mining
experiments. The GNU general public license governs the distribution of the Java-written system [9].

The novelty of this work lies in the use of a huge dataset to train several ML classifiers supported by
the WEKA data mining tool for stroke prediction. The prediction process in the proposed model is divided into
four stages; i) choosing the data set, ii) dataset cleaning and preprocessing, iii) classification using four
algorithms naive Bayes (NB), RF, support vector machine (SVM), and multi-layer perceptron (MLP), and
iv) results and performance evaluation. The performance of the classifier is evaluated using the following
metrics: accuracy, sensitivity, precision, and F-measure.

2. PROPOSED METHOD

The proposed model aims to detect stroke using ML and deep learning classifiers embedded in the
data mining tool WEKA, which allows users to categorize accuracy using various algorithmic methods, based
on a set of features [10]-[12]. Before starting the classification process, the dataset is first filtered and
pre-processed to become ready as features that can be fed to classifiers, as this is the first and most important
step in the process of developing a ML classifier. In the next step, the dataset is divided into test datasets and
training datasets and to gauge and analyze the performance, the cross-validation method is used in our model
proposed in this paper, 10 folds are used; the test is conducted on each fold independently, while the other nine
folds are used to learn. The 1/10 dataset that is retained separately is used to compute the error rate [13], [14].
The classification process is then carried out based on four algorithms NB, RF, SVM, and MLP.
Figure 1 describes the model proposed in this work.

2.1. Dataset
The dataset used in this study was obtained from Kaggle [15], where it consists of 3254 cases, each
containing eight attributes: age, gender, heart disease, hypertension, marital status, average blood sugar level,
body mass index, and smoking. These attributes are initialized by filtering them in a preprocessing or cleaning
step that involves deleting rows that include redundant, corrupted, incomplete, inaccurate, or incorrectly
structured data from a dataset. Then datasets are converted to the comma separated value (CSV) file format,
which is a compatible format with WEKA. Table 1 shows the attributes and description of the dataset used in
the classification process.
— Gender: a person’s gender is indicated by this characteristic. 2,117 men (41.4%) and 2,994 women (58.6%)
comprise the male and female population. Disproportionately afflict women, with sociocultural gender
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2.2.

playing a role in variations in risk factors, evaluation, treatment, and results. The study focuses on the gaps
in existing knowledge and research [16].

Age: this feature describes an individual's age, as the occurrence of strokes in young individuals rises as
they age beyond 35 years, and there has been a 23% increase in such cases over ten years, primarily due
to a rise in ischemic stroke [17].

Hypertension: this feature determines if the individual has hypertension, a condition that impacts 9.8% of
the participants and raises the risk [18].

Heart disease: this feature signifies the presence or absence of heart disease in the individual. The
percentage of patients diagnosed with heart disease stands at 5.4% [19].

Ever married: this feature displays the participants' marital status, with married individuals making up
65.6% of the sample [20].

Average glucose level: this feature captures the participant’s average glucose level [21].

BMI: this feature records the participants' body mass index [22].

Smoking: three categories are included in this feature, which tracks the participant's smoking status:
formerly smoking (21.2%), never smoking (40.9%), and smoking (37-8%) [23].

poler e Iperiension beat doewte ewr_mared vy ghcwe vl - [T
Import Dataset from Kaggle ' e . 1 "

l

Preprocessing

Features being fed into
WEKA ML

Classification using
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1

Abnormal

Normal
" (Stroke detected)

Figure 1. Architecture phases of the proposed model

Table 1. Attributes and data description [15]

Variable Classification Data type  Frequency  Percentage (%)
Gender Male Nominal 1260 38.7
Female 1994 61.3
Age >35 Nominal 2484 76.3
<=35 770 23.7
Hypertension Yes Nominal 408 12.5
No 2846 87.5
Heart disease Yes Nominal 205 6.3
No 3049 93.7
Ever married Yes Nominal 2598 79.8
No 656 20.2
Average glucose level >120 Nominal 759 23.3
<=120 2495 76.7
BMI >=25 Nominal 2557 78.6
<25 697 21.4
Smoking Formerly smoking ~ Nominal 814 25.0
Smokes 728 22.4
Never smoke 1712 52.6

Machine learning classifiers
ML is the scientific study of algorithms and statistical models used by computer systems to execute

tasks without explicit programming which has quickly improved in recent years in the context of data analysis
and computing, allowing applications to work intelligently. Applications like web search engines, data mining,
image processing, and predictive analytics are commonplace and use these methods. Because algorithms learn
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automatically, this is the main advantage [24], [25]. In this research, several classifiers were tested and
compared for stroke detection and will be discussed in the following subsection.

2.2.1. Naive Bayes classifier

One of the most widely used data mining methods is the NB algorithm. Its efficiency assumes attribute
independence, which may be broken in many real-world data sets. Several attempts have been made to reduce
the assumption, with attribute selection being one major technique. It calculates the possibility that a new
sample belongs to a particular class based on the argument that all features are independent of each other given
the class [26], [27]. Given the prior probabilities, P(c), P(x), and P(x|c), one may calculate the posterior
probability, P(c|x), using the Bayes theorem. The NB classifier assumes that the influence of a predictor's (x)
value on a given class (c) is independent of the values of the other predictors. In (1) illustrates this assumption,
which is known as class conditional independence [28].

P(x|c) = FEE
P(x|c) = P(x,Ic) xP(x2|c)x..X P(x,|c) X P(c) Q)

2.2.2. Random forest classifiers

An algorithm uses a bagging algorithm to group data, obtain decision tree models, and combine
sub-small models for a final model. The prediction results are based on voting, with the largest vote-based
classification [29]. One of the ensemble learning strategies that belongs to the homogeneous base learner group
in terms of constructive classifiers is reinforcement learning (RF). The first type is computational, while the
second is statistical. From a computational standpoint, the RF has the potential to cope with both regression
and classification problems [30].

2.2.3. Support vector machine

The optimal hyperplane that is closest to every data point is the target of the SVM training. In order
to decrease the overall separation between each data point and the hyperplane plane, the hyperplane parameters
are continually adjusted during the training phase [31]. SVM uses structural risk minimization to solve a limited
quadratic optimization problem to segregate data across a decision boundary, often known as the hyperplane
f(x)=0. The items in the provided data input x; (i = 1, 2, ..., N) have labels that differ and correspond to the
positive and negative classes. Yields the hyperplane dividing the provided data in the case of linearly
distributed data, as shown in (2):

y=Fx)=WTx+b=3YN Wix;+b 2)

The vector W and scalar b determine the best-separating hyperplane, which maximizes the distance between
the plane and the closest data. Using the kernel function, SVM may be applied to non-linear classification tasks
when the features in high-dimensional feature spaces are non-linearly separable [32].

2.2.4. Multi-layer perceptron

MLP is a kind of neural network that employs the back-propagation method for supervised learning.
MLP architecture is composed of a three-layer configuration: input layer, hidden layer(s), and output layer(s);
in which every neuron is connected to every other neuron in the layer above it. MLP is said to perform
exceptionally well in non-linear issues regularly [33]. Figure 2 demonstrates the MLP neural networks'
architecture.

Error back-propagation

p
x| y

x|

Input Hidden Output Desired
layer layer layer output

Figure 2. MLP neural networks' architecture [34]

Enhancing stroke prediction using the waikato environment for knowledge analysis (Muneera Altayeb)



3014 O ISSN: 2252-8938

3. PERFORMANCE EVALUATION AND CLASSIFICATION RESULTS

In this paper, the classification process was implemented using multiple classifiers NB, RF, SVM,
and MLP for stroke detection on the registered dataset. The performance of the proposed model was evaluated
using different metrics, the first of which is the accuracy measure, as it has been used in many studies to
determine the classification accuracy according to in (3) [35]. One of the measures also used in this paper is
precision which is a measure of data accuracy achieved when limited information is available. In binary
classification, precision can be equated to positive predictive values. The subsequent statement represents the
rule for determining precision. As demonstrated by (4) [36].

TP+TN
Accuracy = ————— 3)
TP+TN+FP+FN
- TP
Precision = 4)
TP+FP

On the other hand, to measure the amount of total positive samples (TP+FN) that were assigned to
positive categories (TP), the sensitivity measurement index was used. In other words, the ratio of true positives
to the total ratio of actual yeses appears in (5) [37]. The F-measure was also used in this work by calculating
the harmonic mean of precision and sensitivity by assigning equal weight to each of them. In (6) shows the
F-measure [38].

Sensitivity = e (5)

2xPrecision*Sensitivity (6)

F — Measure = — —
Precision+Sensitivity

3.1. Confusion matrix

The confusion matrix is an important metric for assessing the accuracy of models. Furthermore, the
confusion matrix concept is perplexing [39]. Table 2 shows the confusion matrix for a binary classifier where
the predicted values are denoted as positive (1) and negative (0), while the actual values are marked true (1)
and false (0). Classification model possibilities are estimated from the expressions TP, TN, FP, and FN found
in the confusion matrix [40], [41].

In this paper, four different classification processes were performed and the performance of each was
evaluated based on the result of the confusion matrix as shown in Tables 3 to 6. From these results, we note
that NB achieved an accuracy of 90.4% while the accuracy of the MLP and RF classifiers reached 94.0%.
Finally, SVM excels with accuracy, reaching 94.4%.

Table 2. Confusion matrix [42]

Predicted
Congested Uncongested
Actual Congested True positive (TP) False negative (FN)
Uncongested False positive (FP) True negative (TN)

Table 3. Confusion matrix for NB
Confusion Matrix  Normal  Sick
Normal 2891 182
Sick 129 51

Table 4. Confusion matrix for RF
Confusion matrix  Normal  Sick
Normal 3058 15
Sick 180 0

Table 5. Confusion matrix for SVM
Confusion matrix  Normal  Sick
Normal 3037 0
Sick 180 0
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Table 6. Confusion matrix for MLP
Confusion matrix  Normal  Sick
Normal 3051 22
Sick 174 6

On the other hand, when we compare these classification results, as in Table 7 and Figure 3, we can
notice that the NB has the highest precision score of 95.7%. In terms of sensitivity and F-measure, SVM also
has the highest results of 100% and 97.1%, respectively. According to these results, the superiority of SVM
over other classifiers appears, with an accuracy of 94.4% and 100% for sensitivity, and it performed well
regarding precision with 94.4% and 97.1% for F1 score. On the other hand, the accuracy demonstrated in this
paper is shown to be superior to previous research. As in Islam et al. [5] the accuracy rate was 80%; in
Heo et al. [6], the accuracy rate was 88%; and in Hadianfard et al. [7], the accuracy rate was 76.96%. However,
in this study, the accuracy rate was around 94.4%.

Table 7. Performance comparison of classifiers (10-fold cross-validation)
Classifier NB (%) RF (%) SVM (%)  MLP (%)

Accuracy 90.400 94.0 94.4 94.0
Precision 95.7 94.4 94.4 94.6
Sensitivity 94.1 99.5 100 99.3
F-measure 94.9 96.9 97.1 96.9
102.000
100.000
98.000
96.000
()
@ 94,000
€
(]
g 92.000
()
a.
90.000
88.000
86.000
84.000
Naive Bayes Random Forest SVM MLP

M Accuracy M Precision Sensitivity M F-measure

Figure 3. Performance comparison of classifiers (10-fold cross-validation)

4, CONCLUSION

To complete our study, we had to evaluate several classification algorithms to detect stroke based on
a set of features such as age, hypertension, heart disease, blood sugar, BMI, marital status, and smoking status.
WEKA data mining software was used to evaluate and analyze the NB, RF, SVM, and MLP algorithms.
Regarding classification performance metrics, the performance was measured by performing a variety of
evaluation metrics, such as accuracy, precision, sensitivity, and F-measure on stroke datasets using 10-fold
cross-validation, SVM demonstrated strong generalization ability, achieving reliable results on both training
and testing datasets, with values of 94.4%, 100%, and 97.1% for accuracy, sensitivity, and F-measure,
respectively. In future work, a combination of other classification methods may be used to enhance the results.
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