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Stroke Classification with Two-Dimensional Convolutional
Neural Networks: Traditional vs. Generative Adversarial
Network-based Data Augmentation for Uneven Class
Distribution
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Abstract

Uneven class distribution in medical data sets such as stroke data, presents a substantial challenge to the classification model,
resulting in suboptimal performance and a biased model toward the majority class. This research analyzes the potential of
GAN-based data augmentation over traditional data augmentation methods on a 2-dimensional Convolutional Neural
Network to improve sampling. GAN-based data augmentation is used to effectively explore the solution space, and these
methods generate synthetic samples to balance the class distribution. The integration of these approaches aims to improve
the model’s robustness and predictability. Experimental analysis shows promising results in classification accuracy, showing
the potential of the GAN-based data Augmentation techniques on the proposed CNN model for dealing with uneven class
distribution. Deep Convolutional - Generative Adversarial Network (DCGAN), along with Image-Based ISMOTified-GAN
(iSMOTified GAN) and Image-Based Markov Chain Monte Carlo (iMCMC-GAN), is compared to classic data augmentation
techniques. The positive results demonstrate the potential of GAN- based data augmentation methods as viable approaches
to resolving the issues associated with imbalanced datasets. While all augmentation techniques showed improvements in
classification accuracy, DCGAN performed the best, achieving an accuracy of 98.01%. The results of this study provide valuable
insights into the potential of GAN-generated synthetic data in enhancing classification, addressing both data limitations and
privacy concerns.
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Traditional data augmentation techniques, such as rotation,
flipping, and scaling, have been widely used to address data
scarcity by artificially expanding the available dataset. While
these methods have shown effectiveness in improving model
generalization, they are limited in their ability to capture the
complex variations present in medical images. In recent years,

1. Introduction

Stroke, a leading cause of mortality and disability worldwide,
presents significant challenges for early diagnosis and
treatment. Early detection plays a critical role in improving
patient outcomes, but the scarcity of large, high-quality
datasets hampers the development of robust diagnostic

models.['>'¥ In the context of stroke classification, machine
learning (ML) and deep learning (DL) techniques offer
promising solutions.'”) However, the success of these models
relies heavily on the availability of sufficient labeled data,
which is often limited due to privacy concerns and the high
cost of data collection.
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Generative Adversarial Networks (GANs) have emerged as a
powerful tool for generating synthetic data that closely
resembles real-world datasets. GANs can increase dataset
size while preserving the underlying distribution of the
original data, offering an innovative solution to the
challenges posed by limited medical data.>*]

In particular, GAN-based data augmentation have
demonstrated considerable success in generating high-
quality, realistic images for various domains, including
medical imaging. By leveraging the power of GAN:S,
synthetic stroke images can be generated to augment
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id,gender,age,hypertension,heart_disease,ever_married,work_type,Residence_type,avg glucose level,bmi,smoking status,stroke
9046,Male,67,8,1,Yes,Private,Urban,228.69,36.6,formerly smoked,1
51676,Female,61,0,0,Yes,Self-employed,Rural,2€2.21,N/A,never smoked,1

31112,Male,80,0,1,Yes,Private,Rural ,105.92,32.5,never smoked,1

60182,Female,49,0,0,Yes,Private,Urban,171.23,34.4, smokes, 1

1665,Female,79,1,0,Yes,Self-employed,Rural,174.12,24,never smoked,1
56669,Male,81,0,0,Yes,Private,Urban,186.21,29,formerly smoked,®

53882,Male,74,1,1,Yes,Private,Rural ,70.09,27.4,never smoked,®
10434,Female,69,6,0,No,Private,Urban,94,39,22.8,never smoked,®

27419,Female,59,0,0,Yes,Private,Rural,76.15,N/A,Unknown, @
60491,Female,78,0,0,Yes,Private,Urban,58.57,24.2,Unknown, 0

12109,Female,81,1,0,Yes,Private,Rural ,80.43,29.7,never smoked,@

12095,Female,61,0,1,Yes,Govt_job,Rural,120.46,36.8,smokes,0
12175,Female,54,0,0,Yes,Private,Urban,104.51,27.3, smokes,0
8213,Male,78,0,1,Yes,Private,Urban,219,84,N/A,Unknown,®

Fig. 1: Snapshot of Raw, unprocessed stroke data.

limited datasets, potentially improving classification
performance. Monte Carlo simulation approaches have also
been shown to be effective in generating and analyzing
complex transport or medical logistics scenarios under
uncertainty.>! However, while GAN-based augmentation
holds significant promise, it remains unclear how it compares
to traditional data augmentation methods in the context of
stroke classification.

This study aims to evaluate the performance of GAN-
based data augmentation in comparison to traditional
augmentation techniques for stroke classification using a 2D
Convolutional Neural Network (CNN). Specifically, we
explore the ability of GANs to generate synthetic stroke
images that preserve essential characteristics of real data and
assess their impact on model accuracy, precision, recall, and
F1 score. The results of this study provide valuable insights
into the potential of GAN-generated synthetic data in
enhancing stroke classification, addressing both data
limitations and privacy concerns.

Recently, Generative Al has gained a lot of attention and
is being used in various fields like text, audio, and image
creation. The technology behind it mainly relies on three

types of deep learning models: Generative Adversarial
Networks (GANSs),!% Long Short-Term Memory (LSTM),
251 and Transformer models.®! Among these, GANs are an
unsupervised deep learning model?'"! that consists of two
neural networks: the generator and the discriminator. The two
networks work against each other in a kind of back-and-forth
competition. The generator keeps creating fake data and
tweaks its parameters to make the images more realistic,
while the discriminator tries to tell the difference between
real and fake data. Over time, both networks get better the
generator produces more convincing images, and the
discriminator becomes sharper at spotting what’s real and
what’s not.

Generative Adversarial Networks are constantly evolving,
resulting in several different variations.*) Convolutional
Neural Networks (CNNs)! are considered the leading
models for image processing in deep learning, which led to
the creation of Deep Convolutional GAN (DCGAN).™ This
variant integrates CNNs with GANs, using convolutional
networks for both the generator and discriminator to produce
more realistic images.

DCGAN has been applied to various data augmentation

Table 1: Stroke dataset attributes and descriptions

Attribute Description Type

id Unique identifier for each patient Numerical
gender Gender of the patient Categorical
age Age of the patient Numerical
hypertension 0 = No hypertension, 1 = Has hypertension Binary
heart disease 0 = No heart disease, 1 = Has heart disease Binary
ever_married Marital status (Yes or No) Categorical
work_type Type of occupation Categorical
Residence type Urban or rural residence classification Categorical
avg_glucose level Average glucose level in the patient’s blood Numerical
bmi Body Mass Index (BMI) Numerical
smoking_status Smoking status (formerly smoked, never smoked, smokes) Categorical
stroke 0 =No stroke, 1 = Had a stroke Binary
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Table 2: Parameter Settings for Oversampling and Augmentation Techniques.

Oversampling Technique Types Parameter
Data Augmentation Rotation 20
Width Shift 0.1
Height Shift 0.1
Shear 0.2
Zoom 0.2
Horizontal Flip 1
SMOTE K neighbors Integer (default = 5)
Sampling strategy Float, string, dict, or callable (default = 'auto")
Random_state Integer or RandomState instance (default = None)
DCGAN Total Neurons per Hidden Layer 1024
Optimizer Adam
Loss Function Binary Cross-Entropy
Activation ReLU
Normalization 1/255
Learning Rate 0.001
iSMOTified-GAN Total Neurons per Hidden Layer 1024
Optimizer Adam
Loss Function Binary Cross-Entropy
Activation Leaky ReLU (0.2)
Normalization BatchNorm (0.8)
Learning Rate 0.0002
iIMCMC-GAN Total Neurons per Hidden Layer 1024
Optimizer Adam
Loss Function Binary Cross-Entropy
Activation Leaky ReLU (0.2)
Normalization BatchNorm (0.8)
Learning Rate 0.0002
Class Ratio Before Oversampling 4621 : 209
After Oversampling 4622 : 4208

tasks.?* For instance, Qiufeng Wu and colleagues utilized the
DCGAN model for enhancing images of tomato leaf diseases,
finding that it can generate data that closely mirrors real
images, demonstrating its superior performance compared to
BEGAN.?! Similarly, Christine Dewi and her team employed
the DCGAN model to generate images of traffic signs,
aiming to improve traffic sign recognition.*!

In the medical field, classification models typically
require large datasets for training. However, issues such as
privacy concerns and low incidence rates often result in a lack
of sufficient data, which can lead to lower accuracy rates.
ChiunLi Chin and colleagues highlighted the need for more
stroke data to enhance the overall accuracy of early ischemic
stroke detection, emphasizing the challenge posed by the
shortage of medical images."!

Numerous studies have applied the DCGAN model for
data augmentation. For example, Sindhura et al. used
DCGAN to generate CT images of spinal fractures.?? To
improve the accuracy of classifying COVID-19 symptoms,
Prerak Mann utilized DCGAN to generate chest CT images

for data augmentation.!'®! In the case of liver cancer, a leading
cause of death, Maayan Frid-Adar and colleagues synthesized
liver lesion images using DCGAN, boosting accuracy from
78.6 percent to 85.7 percent, a nearly 7 percent improvement.
91

Chen et al. developed a GAN-based CNN architecture to
generate brain stroke CT images, achieving success with their
approach. However, they faced challenges due to the high
processing demands of computer hardware, which led to
issues with loss values not converging when trying to
generate images at higher resolutions.

While significant progress has been made in data
augmentation using deep learning techniques, most research
focuses on image data, such as MRI and CT scans, which are
often limited in availability. Moreover, privacy concerns
make it difficult for many patients to undergo scans, creating
a gap in data accessibility. Our model addresses this by using
tabular data, which poses no privacy issues since patient
names are not involved. We introduce a novel data
transformation method call INMF that converts tabular data

Table 3: A comparison of the stroke image.

Images 1 2

4 5

Real INMF Traditional

Auimented

Image type

Images

DCGAN iSMOTified GAN iMCMC GAN

- wd0d
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Table 4: Training and Validation loss and Accuracy.
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The Enhanced INMF Algorithm for Image Generation
Step 1: Input Data

X:Normalized feature matrix with dimensions \(R \times
(AVIEY;

n: Number of components for NMF

Step 2: Initialization

W, H: Initialize non — negative matrices with random
values (2)

X _{normalized} = MinMaxScaler(X): Normalize the input
matrix using MinMaxScaler (3)

Step 3: Non — Negative Matrix Factorization (NMF)

X _{normalized} =~ W \cdot H: Approximate the
normalized feature matrix using W and H (4)

Iteratively update W and H tominimize the reconstruction
error: (5)

minimize \(||X_{normalized} — W \cdot H||_F \)

Step 4: Image Generation

For each data pointi = 1toR: (6)

imgl;= Reshape(W[i,:], dimensions = (2,5,1))\times 255
)

Convert imgl_i to an RGB image:

imgl_i*{RGB} = concat(imgl_i,imgl_i,imgl_i, axis = —1)
®)

Save each RGB image to the appropriate directory based
onclass labels y_i. (9)

into 2D images with RGB values. To our knowledge, no other
research has used the INMF method to convert tabular data

to images for DCGAN-based data augmentation for clinical
stroke data. We then apply both traditional data augmentation
techniques and DCGAN to expand the dataset, addressing
data imbalance. Finally, we leverage the high processing
power of Convolutional Neural Networks (CNNs) for image
processing, enabling more effective recognition and
classification.>!!

2. Methodology

2.1 Dataset

To carry out this investigation, we obtained the stroke
healthcare dataset from Kaggle. The purpose of the dataset is
to predict the likelihood of a patient experiencing a stroke
based on certain measurable factors.'! An example of the
dataset used in our analysis is shown in Fig. 1. The dataset
does not contain any identifiable personal information, such
as names, addresses, or SSNs, ensuring that there are no
confidentiality concerns associated with its use in our
research.

This trend underscores the increasing global recognition
of oil pollution as a critical environmental issue and the
corresponding demand for innovative cleaning technologies.
The rising volume of studies emphasizes the relevance of the
current research, which contributes to this field by exploring
the thermal treatment of oil-contaminated soils and
characterizing the extracted oil products. In this work, we
thermally treated the oil-contaminated soil in the
Karazhanbas field to clean it, and we studied the

Input X, n, y

[ Start

}_.

Normalize X
(MinMaxScaler)

NMF: Minimize
| Xnarm — WH||p

Initialize W, H

Save Lo class
direclory

[ End ]7

Convert Lo
RGB image

Reshape W/i,:|
o (2,5,1) x 255

Fori=1toR

Fig. 2: Flowchart of Enhanced INMF Algorithm for Image Generation

characteristics of the resulting liquid product.

Dataset description

The dataset used in this study contains records from stroke
patients, with a total of 4830 samples prior to
oversampling, comprising 4621 non-stroke cases and 209
stroke cases, indicating significant class imbalance. After
applying oversampling techniques, the dataset was
balanced to 4622 non-stroke and 4208 stroke cases.

The dataset and code are available at:
https://github.com/ECOLS-research-group/Stroke
Classification-Using-2DCNN.git

The attributes of the dataset are summarized in Table 1. Table
1 presents an outline of the stroke dataset used in this paper with
its attributes and description

Engineered Science Publisher

Pre-processing

During preprocessing, records containing missing values
were removed to ensure data quality. Numerical features,
such as age, average glucose level, and BMI, were scaled to
a range of 0 to 5 to preserve relative differences while
standardizing values. Categorical variables were encoded
into binary form, with categories represented as 0 or 1
depending on their logical assignment (e.g., O for false, 1 for
true). This encoding was performed prior to the
transformation of the tabular data into image format suitable
for input to the convolutional neural network.

2.2 Novel data transformation method

Since we are using 1D tabular stroke data, it was crucial for
us to transform it into image data for CNN and DCGAN. We

Eng. Sci., 2025, 36, 1685 | 5
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I | I | I Convolution + RelU Max pooling | I Fully connected Layers
A Input Data B. Pre-processing C.CNN Feature Extraction D. Classification

INiimaorie Earmat)

Fig. 3: A comprehensive workflow of non-image tabular data classification using CNN.

have used a novel approach called the Image -based Non-
Negative matrix factorization to transform the tabular stroke
clinical data into images. Further described in section(s)
below. The INMF is an enhancement of the Non-negative
matrix factorization method.!'13] Refer to Fig. S2 and S3 for
example

INMF architecture and in  Supplementary

Information files.

5

Fig. 4: Transformed matrix for 3 data examples from class “Stroke”.

Other data examples can be visualized in the Supplementary
Information files. Please see Fig. S4, S5, S6, S7 respectively.
Our approach, inspired by the challenges encountered in
medical datasets, specifically stroke-related data, seeks to
bridge the gap between traditional tabular data and the
powerful capabilities of CNN. The INMF method has been
introduced in our previous work as well where we simply
transformed tabular stroke data into 2-Dimensional image
like representations. While NMF has been widely applied in
image-based tasks, our work takes a unique approach by
using it to convert tabular data into images. This is
particularly relevant for medical datasets, such as stroke-
related patient data, where each row contains one-
dimensional information like age, gender, and health
indicators. Our method aims to bridge the gap between
traditional tabular formats and the image-based input
required by Convolutional Neural Networks (CNNs).!'4

The enhanced algorithm and samples are available at:
https://github.com/ECOLS-research-group/Stroke-
Classification- Using-2DCNN.git

Fig. 5: Transformed matrix for 3 data examples from class “No
Stroke”.

6 | Eng. Sci., 2025, 36, 1685

The data set used in our experiments is a curated collection
of patient records, each row representing a 1D data vector
characterized by multiple attributes such as age, sex, and
health indicators. The flow of the non-image data
classification can be visualized in Fig. 2 and 3, followed by
illustrations of the transformed matrix in Fig. 4 and 5.

3. Experimental analysis

All experiments were conducted using GPU-accelerated
TensorFlow with a Keras architecture. A 2D CNN model was
employed for feature extraction and classification, following
a similar structure to previous deep learning-based
approaches. The experiments aimed to compare the
effectiveness of traditional data augmentation techniques and
GAN-based augmentation in improving classification

o @

Fig. 6: Features learned by the st convolutional layer for

stroke dataset.

performance. The CNN architectures used for the augmented
and GAN-generated datasets have notable differences to
optimize performance for each data type. The traditional
augmented dataset model uses a larger input size (256x256)
with a smaller dropout rate (0.1), as traditional augmentation
preserves original data characteristics. In contrast, the GAN-
based dataset model adopts a smaller input size (224x224)
with a higher dropout rate (0.5) to prevent overfitting on
synthetic data. Additionally, the GAN model employs early
stopping and learning rate reduction techniques to stabilize
training, as GAN-generated images can introduce variability
requiring careful optimization. These modifications aim to
enhance generalization and performance for both datasets
while ensuring that the model adapts effectively to both real
and synthetic data distributions. An example of the CNN
features learned is depicted in Fig. 6 and 7.

Table 2: presents a summary of the different oversampling
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Table 5: Performance Result: Graphs.
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techniques and their associated parameters used in the study. The
table includes various data augmentation methods, such as
rotation, width shift, and horizontal flip, along with their
respective parameter values. It also outlines the specific settings
for SMOTE, DCGAN, iSMOTified-GAN, and iMCMC-GAN,
including details like the number of neighbors, optimizer, loss
function, and learning rate. Additionally, the table shows the class
ratio before and after oversampling, highlighting the balance
between the 'No Stroke' and 'Stroke' classes.

3.1 Oversampling for class imbalance

Engineered Science Publisher

The Stroke healthcare dataset exhibited high imbalance
leading to incorrect results as depicted in Fig. 8. To enhance
its utility for our CNN model, we deployed SMOTE, data
augmentation, Image-based ISMOTified-GAN (iISMOTified-
GAN) and Image-based MCMC-GAN (iMCMC-GAN) to
increase the size of our minority class.

3.2 Oversampling for class imbalance techniques

Data Augmentation is any technique used to artificially generate
new data from the original dataset. SMOTE is also a type of data
augmentation. However apart from SMOTE, we also deployed

Eng. Sci., 2025, 36, 1685 |7
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Table 6: Confusion Matrix.

Confusion matrix of the CNN Model when fed with
transformed and iISMOTified- GAN dataset

Confusion matrix of the CNN
transformed and iMCMC dataset

Model when fed with

Confusion matrix of the CNN Model when fed with
transformed and traditional augmented dataset

Confusion matrix of the CNN Model when fed with
transformed and synthetic dataset from DCGAN
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Actual
Class 0
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Predicted

other types of Data augmentation methods such as image rotation,
image shift, zoom and others to be able to create more images.
Table 2 depicts the parameter settings for the technique while a
comparison of the stroke images using all the methods can be
visualized in Table 3.

Synthetic Minority Over-sampling Technique (SMOTE)
SMOTE is one of the most commonly used methods to handle
imbalanced datasets.['’) SMOTE utilizes the k-nearest neighbors’

8| Eng. Sci., 2025, 36, 1685

algorithm to generate synthetic examples by interpolating along
the line segments connecting any of the k-minority class
neighboring instances.'>) We used SMOTE on the original
dataset to be able to generate more data. Table 2 depicts the
parameter settings for the technique.

3.3 iSMOTified-GAN
iSMOTified-GANI?231 is a hybrid oversampling technique

Engineered Science Publisher
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Table 7: Validation Matrix for the CNN Model

Type of Dataset Precision Sensitivity Specificity F1-Score
(%) (%) (%) (%)
Non-oversampled 92.00 96.07
Traditional augmented Data 96.80 100 96.00 98.00
Synthetic Data (DC-GAN) 98.01 95.85 100 98.00
iSMOTified-GAN 97.62 98.00 98.00 98.00
iMCMC-GAN 97.67 98.00 98.00 98.00

designed to address the challenge of class imbalance in image
datasets by combining SMOTE with GAN. Hybrid approaches
combining domain knowledge and neural architectures have
shown promise in guiding model convergence and improving
robustness.?” In its original form, ISMOTified-GANP% was
designed to work with tabular data. iISMOTified adapts
SMOTE to operate in image feature space, preserving
structural and contextual information. The GAN then refines
these initial synthetic images, enhancing their realism and
diversity through adversarial training.) This combined
approach significantly improves the quality of synthetic data,
leading to more balanced training datasets and enhancing the
performance of machine learning models on imbalanced
medical image classification tasks.>2% Fig. 9 outlines the flow
for sample generation using iSMOTified-GAN.

3.4 iMCMC-GAN

iIMCMC-GAN!' is a hybrid generative model that combines
the sampling power of Markov Chain Monte Carlo
(MCMC)" with the data synthesis capabilities of GAN.
iIMCMC-GAN leverages MCMC to generate diverse and
representative initial samples from the minority class
distribution.l'” These samples then guide the GAN's generator,
replacing the traditional random noise input. The GAN
further refines these samples, enhancing their realism and
quality. By integrating these two approaches, IMCMC-GAN
produces high-quality synthetic images that improve the
training of classification models, ultimately enhancing their
performance on imbalanced medical image datasets.['”] Fig.
10 outlines the process flow using the IMCMC-GAN.

3.5 DC-GAN based augmentation

A Deep Convolutional Generative Adversarial Network
(DCGAN) was trained to generate synthetic stroke images.
The generated images were mixed with real samples in

proportion and used to train the CNN classifier. The DCGAN
model includes A generator network utilizing transposed
convolution layers to generate high-quality synthetic images
as illustrated in Fig. 11 below. A discriminator network
employing convolutional layers to distinguish between real
and synthetic images. A comparison is depicted in Table 3
below between the original image, its augmented and
synthetic forms. The DCGAN and CNN Process Flow
Diagram for Stroke Classification is illustrated in Fig. 11.

Table 3 shows A comparison of the stroke image
transformed by INMEF, its corresponding augmented form
and synthetic image produced by GAN based augmentation
techniques: DCGAN, iSMOTified GAN and iMCMC-GAN.

3.6 Hyperparameter selection and tuning

Key hyperparameters for GAN-based augmentation

methods (DCGAN, iSMOTified-GAN, and iMCMC-GAN)

were chosen through a combination of literature-backed

defaults and empirical fine-tuning. The main aim was to

ensure training stability, high-quality synthetic images, and

better classification performance on the CNN model:

*  Epochs: Set to 500 for all GAN models, with early
stopping used to prevent overfitting once generator loss
stabilized.

*  Batch Size: Fixed at 64 to balance between convergence
speed and computational efficiency.

Learning Rate: 0.001 for DCGAN; 0.0002 for
iISMOTified-GAN and iMCMC-GAN, following common
GAN training guidelines.

*  Optimizer: Adam optimizer with 1 =0.5 and f2=0.999,
known for stable adversarial training.

Activation Functions: ReLU for DCGAN and Leaky ReLU (a
= 0.2) for the hybrid models.

Table 8: Performance metrics of different algorithms.

Algorithm Accuracy Recall Precision F1 Score
Random Forest 95.70% 100% 96.00% 98.00%
Logistic Regression 95.00% 100% 95.00% 98.00%
Decision Tree 93.61% 96.00% 96.00% 96.00%
Naive Bayes 87.50% 88.00% 96.00% 92.00%
Support Vector Machine 95.00% 100% 96.00% 98.00%
Proposed Method: Augmented (of this paper) 96.80% 100% 96.00% 98.00%
iSMOTified-GAN (of this paper) 97.62% 98.00% 98.00% 98.00%
iIMCMC-GAN (of this paper) 97.67% 98.00% 98.00% 98.00%
Proposed Method: DC-GAN (of this paper) 98.01% 95.85% 100% 98.00%

Engineered Science Publisher
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Fig. 7: Features learned by the 10th convolutional layer for
stroke dataset.

*  Normalization: Batch normalization with momentum of
0.8 to promote consistent learning across layers.

Although a comprehensive grid search was not feasible,
targeted tuning experiments were performed by adjusting
each hyperparameter and selecting the setup that produced
the best image quality and CNN classification accuracy.

Class Distribution - Scatter Plot

No Stroke (Majonty)
Stroke (Minority)

4000 1

3000 4

Number of iImages
3
3

AR

Stroke

Class

Fig. 8: Class distribution for the stroke data before oversampling.

4. Results and discussion

This study evaluates the impact of traditional and GAN-based
data augmentation on stroke classification using a 2D CNN.
The Stroke Healthcare dataset from Kaggle was used for
experimentation. The classification performance of CNN
trained with GAN- based augmented images was compared
against CNN trained with traditionally augmented images.
Additionally, the results were benchmarked against
conventional machine learning models, including Support
Vector Machine, Decision Tree, Logistic Regression,
Random Forest, and Nave Bayes, which are often paired with
feature selection techniques such as Information Gain, Rough
Set, or Weighted Nave Bayes.

As compared to the non-oversampled data, the accuracy
of the CNN model improved significantly using various
augmentation techniques. Traditional data augmentation
boosted the accuracy by 4.8%, with notable improvements in
the precision, sensitivity, and Fl-score, reflecting a more
balanced and accurate model. Specifically, the traditional
augmented dataset achieved 96.8% precision, 100%
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sensitivity, 96% specificity, and 98% F1-score. Among the
synthetic data augmentation methods, DCGAN demonstrated
the best performance, increasing the accuracy by 6.01%
compared to the non- oversampled dataset. The DC-GAN
based synthetic data achieved 98.01% precision, 95.85%
sensitivity, 100% specificity, and 98.00% F1-score
outperforming both the non-oversampled and traditionally
augmented datasets. Other synthetic techniques like
iSMOTified-GAN and iMCMC-GAN also showed strong
results, with iMCMC-GAN slightly edging out the others,
achieving 97.67% precision, 98% sensitivity, 98% specificity,
and 98% F1-score. These results underscore the impact of
augmentation on improving model performance, with
DCGAN achieving the most notable improvement in
accuracy this can be compared in Table 5. Table 4 illustrates
the accuracy and loss curves for the training and validation
sets, providing insight into the learning dynamics of all the
augmentation approaches.

Table 9: Experimented dataset summary.
Attributes Instances Missing Values Class Ratio (No Stroke: Stroke)
7 9230 None 4622:4208

Table 4 Shows the training and validation loss and
accuracy for the 4 augmentation approaches used, this is
presented in the form of graphs.

4.1 Confusion matrix of the proposed model

The effectiveness of machine learning methods is evaluated
based on several performance metrics. A confusion matrix
presents the results of predictions in a classification task,
summarizing the accurate and inaccurate forecasts for each
class. It provides valuable information about the types of
errors made. To assess these parameters, a confusion matrix
incorporating actual and predicted data (represented as A, B,
C, and D) is constructed. Here, A =True Positive, B =True
Negative, C = False Positive, and D = False Negative. Table
6 shows the confusion matrix of the proposed models.

Table 7summarizes the validation metrics for the CNN
model across different types of datasets. The table presents
the performance of the model in terms of precision,
sensitivity, specificity, and Fl-score for each dataset type,
including non- oversampled data, traditional augmented data,
and synthetic data generated by DC-GAN, iISMOTified-GAN,
and iMCMC-GAN. The results highlight the improvements
in model performance, with the synthetic data (DC-GAN)
achieving the highest precision and specificity, while the
iSMOTified-GAN and iMCMC-GAN datasets maintain
consistently high scores across all metrics.

4.2 Performance of the proposed model

The performance of the proposed model is depicted in Table
7, where the Accuracy score, Sensitivity, Precision, and the
F1 Score of the models are presented. Table 7: summarizes the
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validation metrics for the CNN model across different types of
datasets. The table presents the performance of the model in
terms of precision, sensitivity, specificity, and F1-score for each
dataset type, including non- oversampled data, traditional
augmented data, and synthetic data generated by DC-GAN,
iSMOTified-GAN, and iMCMC-GAN. The results highlight the
improvements in model performance, with the synthetic data
(DC-GAN) achieving the highest precision and specificity, while
the iISMOTified-GAN and iIMCMC-GAN datasets maintain
consistently high scores across all metrics.

Table 5 Shows the performance results for the 4
augmentation approaches used; this is presented in the form
of bar graphs.

4.3 Result analysis
We have conducted a comparison between our model and
several traditional machine learning models. The outcomes
of this comparative analysis are presented in Table 8 for a
comprehensive performance evaluation. Table 8 illustrates
that our proposed CNN model surpasses the performance of
other classical machine learning models. An experimented
dataset summary is also outlined in Table 9.

It is quite evident that the suggested CNN model
performs better than other established machine learning
models. Upon examination, it can be observed that the

—

Minority Class

performance of Logistic Regression closely approaches that
of the proposed model, while the Naive Bayes algorithm
demonstrates the poorest performance among the methods
mentioned.

Table 8 presents the performance metrics of various
algorithms, including traditional machine learning models
and methods proposed in this paper. The table below lists
accuracy, recall, precision, and F1 score for each algorithm,
showcasing how they compare in terms of classification
performance. Among the traditional algorithms, Random
Forest and Support Vector Machine show high accuracy,
while Naive Bayes has the lowest performance across all
metrics. The proposed methods (augmented data,
iSMOTified- GAN, iMCMC-GAN, and DC-GAN)
demonstrate superior performance, with DC-GAN achieving
the highest precision of 100%. These results emphasize the
effectiveness of the proposed synthetic data generation
techniques for improving classification accuracy and other
key metrics.

Table 9 provides a summary of the dataset used in the
experiments. The dataset consists of 7 attributes and a total of
9,230 instances. There are no missing values in the dataset,
ensuring the completeness of the data. The class ratio
between 'No Stroke' and 'Stroke' is 4,622:4,208, indicating a
relatively balanced distribution between the two classes. This
balanced dataset is crucial for training the models effectively,
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ensuring that both classes are represented adequately.

5. Conclusion
This
techniques with various synthetic augmentation methods for

study compared traditional data augmentation
stroke classification using Convolutional Neural Networks
(CNNs). By transforming raw tabular stroke prediction data
into image form, we assessed the impact of different
augmentation strategies on model performance. The results
show that each augmentation technique led to significant
improvements in classification accuracy, with traditional
augmentation methods enhancing model performance by
increasing diversity in the dataset. The use of synthetic
methods, such as DCGAN, iSMOTified-GAN, and
iIMCMC-GAN, further boosted performance, with DCGAN
achieving the highest improvement in accuracy.

Our approach demonstrated that a combination of
traditional and advanced synthetic augmentation strategies
can effectively enhance the diversity of training samples,
leading to improved model generalization. Specifically, the
traditional augmentation method improved accuracy by
4.8%, while DCGAN-based augmentation achieved the
highest accuracy improvement of 6.01%. The findings
suggest that augmentation techniques, including both
conventional and generative approaches, can be pivotal in
advancing stroke classification models.

In terms of clinical relevance, the ability to generate
realistic synthetic stroke data using GANs holds promise for
supporting diagnostic models in situations where real patient
data is limited due to privacy concerns or data collection
challenges. Synthetic data can potentially assist in training
models that generalize better to diverse patient populations,
helping to reduce bias in stroke prediction tools. However,
deploying such models in real-world healthcare settings

presents challenges, including ensuring regulatory

12| Eng. Sci., 2025, 36, 1685

compliance, validating model predictions on prospective

clinical data, and addressing clinician trust and
interpretability concerns. Future work should focus on
bridging this gap by collaborating with healthcare
practitioners to evaluate the models in clinical workflows
and to refine synthetic data generation processes to align
with clinical requirements.

While our experiment focused on transforming tabular
stroke data,

augmentation techniques perform on other types of

future work could explore how these

structured data, such as time-series datasets, multi-modal
healthcare records, and other numerical data representations.
As this work progresses, further optimization of GAN
architectures, augmentation strategies, and dataset
generalization could enhance the effectiveness of this
approach. Expanding the use of CNN-based models to
diverse datasets would further demonstrate the versatility and
potential of these models in predictive analytics beyond

traditional image domains.
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