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Abstract.

Purpose: The goal of this study is to use deep learning models on tabular data to create a good way to classify strokes. Stroke is still
one of the most common causes of death and disability around the world, and finding it early is very important for getting better results
from treatment. But there is a big problem with making reliable predictions because there is an imbalance between stroke and non-
stroke data.

Methods/Study design/approach: The study uses the publicly available Stroke Prediction Dataset from Kaggle, which has 5,110
patient records and 12 risk factors. We suggest a hybrid deep learning architecture that combines Inception and Xception networks. It
is meant to take advantage of multi-scale feature extraction and depthwise separable convolution. The Synthetic Minority Over-
sampling Technique (SMOTE) is used during preprocessing to fix the problem of classes being out of balance. We divide the dataset
into three parts: training, validation, and testing. Using accuracy, precision, recall, and F1-score, we can evaluate a model.
Result/Findings: The proposed hybrid model achieved the highest classification accuracy of 92.2%, outperforming the individual
Inception (86.28%) and Xception (89.26%) models. This demonstrates that the use of SMOTE during preprocessing significantly
improved class balance and overall prediction reliability.

Novelty/Originality/Value: This study uses a new hybrid method that combines two well-known CNN architectures, Inception and
Xception, to classify tabular medical data. When these models are combined and applied with SMOTE, the classification performance
improved significantly, demonstrating strong potential for implementation in automated stroke diagnosis systems.
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INTRODUCTION

A stroke is a medical emergency that occurs when blood flow to the brain is interrupted [1]. This condition
can damage brain cells within minutes [2], and prompt treatment is crucial to minimize brain damage and
other complications. There are two main types of stroke: ischemic stroke, caused by a blockage in a blood
vessel and accounting for approximately 70-85% of all stroke cases [3], and hemorrhagic stroke, which
occurs when a blood vessel in the brain ruptures [4], [5].

With the advancement of artificial intelligence technology, particularly deep learning, methods such as
Convolutional Neural Networks (CNNs) have shown promising performance in detecting various types of
strokes through medical images such as CT scans and MRIs[6], [7]. CNN models like Inception and
Xception have proven effective in extracting features even from low-quality medical images[8], [9].
Inception V3 utilizes multiscale convolution and dimension reduction techniques to enhance feature
extraction efficiency [10]. while Xception relies on depthwise separable convolution to accelerate the
training process while maintaining high accuracy [11], [12].

However, image-based approaches are not the only path that can be used in stroke detection. Approaches
based on tabular or structured data also hold significant potential[13]. Especially when patient clinical
information is available in numerical or categorical formats. Nevertheless, the application of CNNs to
tabular data such as electronic health records remain relatively limited. This is due to the fundamental
characteristics of CNNs, which are designed to extract spatial features from visual data, making them
inherently unsuitable for the non-spatial structure of tabular data. States that the performance of CNN and
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deep learning in general on tabular data still lags behind decision tree-based models such as XGBoost,
unless architectural adaptations or data representation transformations are made [14]. The PLORAS study
(2024) also shows that integrating tabular data and images in CNN can improve the accuracy of post-stroke
classification. However, the direct application of CNN to pure tabular data is still rarely explored and has
not shown consistent advantages over conventional models [15].

In addition to CNN, the latest Transformer-based approaches such as TabTransformer and FT-Transformer
have shown high performance on tabular data due to their ability to capture contextual interactions between
features without the need for spatial transformations [16], [17]. However, the specific application of these
models for stroke classification based on tabular data is rarely reported in the literature and is not the main
focus of this study.

But there is a big problem with class imbalance in tabular data-based stroke classification: there are a lot
more non-stroke cases than stroke cases [18], [19], [20]. This can make the prediction model biased, which
means it won't be very sensitive to real stroke cases[21]. The Synthetic Minority Over-sampling Technique
(SMOTE) has been widely used in medical research to make class distributions more fair. This method
makes fake samples for minority classes[22]. A wide range of machine learning models have been shown
to work better with this method [23].

Oversampling strategies have made some traditional machine learning models better. These include
Random Forest, LightGBM, and KNN [21], [24], [25]. In the field of tabular stroke classification, however,
the use of powerful CNN architectures, especially in hybrid form, is still not well understood. This makes
it hard to find out if modern CNNs [20], [26], [27], which were originally made for image data, can be
adapted and used with structured health records [28], [29], [30].

The simultaneous application of two CNN architectures in a single hybrid model also has consequences in
terms of increased computational complexity and resource requirements[31]. Therefore, an evaluation of
the trade-off between accuracy and computational efficiency is necessary to determine whether the hybrid
approach truly provides significant advantages over a single model [32].

Based on the background and research gaps, this study aims to develop a hybrid deep learning model that
combines the Inception and Xception architectures for stroke classification based on tabular data. To
address class imbalance, the SMOTE technique is used in the preprocessing stage before model training.
Performance evaluation is conducted using standard metrics such as accuracy, precision, recall, and F1-
score. This research is expected to contribute to exploring the potential of CNNs for tabular data while
evaluating the effectiveness of the hybrid approach compared to single architectures using a public stroke
dataset.

METHODS
Some of the stages of the research conducted are depicted in Figure 1.

Inception Architecture

Xception Architecture

Hybrid Architecture

@ Load Dataset Pre-proccessing data |—v

Handling Unbalanced
Data: SMOTE
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Evaluation Training H Architecture
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Figure 1. Flowchart analysis
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Figure 1 shows the stages of research, starting with the process of loading the stroke dataset, followed by
data pre-processing and handling data imbalance using SMOTE. The CNN model used consists of three
architectures: Inception, Xception, and a combination of the two in the form of a hybrid architecture. Each
architecture was trained separately, then evaluated based on classification metrics such as accuracy,
precision, recall, and F1-score.

Data Collection

This experiment utilized the Stroke Prediction Dataset from the Kaggle platform, which contains data from
5,110 patients[33]. Each entry's target label consists of 12 features: gender, age, hypertension, heart disease,
marital status, occupation type, habitation type, average glucose level, body mass index (BMI), smoking
status, and stroke status (1: has a history of stroke, 0: has no history of stroke). Due to space limitations,
only 3 records are shown in Table 1. A more complete sample is provided in Stroke Prediction Dataset |
Kaggle [34]

Table 1. Dataset stroke

Ever K Reside /IAvg K
Hyper-  Heart Wor Gluco- Smok-ing
ID Gender  Age tension disease  Mar type nce se BMI status Stroke
ried type |
evel
9046  Male 67 0 1 Yes Private Urban 22869 366  [ormerly 1
smoked
Self- never
51676  Female 61 0 0 Yes em;odloy Rural 20221  N/A smoked 1
31112 Male 80 0 1 Yes Private  Rural 10592 325 never 1
' ' smoked
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Split Data: " Data Normalization:
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Figure 2. Flowchart preprocessing

The dataset is divided into 70% for training, 20% for validation, and 10% for testing. The preprocessing
steps applied to the dataset are illustrated in Figure 2. This division is done in a stratified manner to ensure
that the distribution of stroke and non-stroke classes remains balanced in each subset as shown in Table 2.

70% for training: This portion ensures that the model receives a sufficiently large and diverse sample to
learn the underlying patterns and feature relationships comprehensively. A larger training set strengthens
the model’s ability to generalize to new, unseen data [35].

20% for validation: The validation set is used during model development to perform hyperparameter tuning,
select the optimal architecture, and prevent overfitting. This proportion balances stability in performance
estimation without excessively reducing training data [36].

10% for testing: This subset is held back to objectively assess the model's final performance on completely

unseen data. The 10% split is commonly adopted in the literature to simulate real-world application without
overconsuming training resources [37].
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Table 2. Splitting data

Train Valid Test
70 % 20 % 10 %
3577 1073 459

Inception
Utilizes parallel paths of 1x1, 3x3, 5x5 and max pooling convolutions. This block is designed to extract
features at multiple scales [38]. Details of the Inception architecture are provided in Figure 3.

Figure 3. Inception architecture

This study uses a deep learning approach by comparing three different neural network model architectures
to predict stroke events based on structured data as shown in Table 3. Each architecture is designed to
explore the network's ability to efficiently extract and combine features from various transformation paths.
The first model is a multi-path dense network. This architecture consists of three parallel paths: the first
path has one Dense layer with 128 neurons, the second path consists of two multi-level Dense layers with
64 and 128 neurons, respectively, while the third path has three consecutive Dense layers with 32, 64, and
128 neurons. These three paths are combined using the Concatenate operation, followed by Dropout to
prevent overfitting, before finally being passed to the output layer for classification.

Xception
Adopt depthwise separable convolution with skip connection, use parallel dense layer and L2 regularization
to enrich feature learning [39]. Details of the Exception architecture are provided in Figure 4.

Figure 4. Xception architecture
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The second model uses a residual approach with skip connections that adopts the basic principles of
Residual Network (ResNet). This model aims to maintain the flow of information from the initial input and
overcome the vanishing gradient problem. The architecture starts from the input, which is processed
through a Dense layer with 128 neurons, then stabilized with Batch Normalization, activated using the
ReLU function, and given Dropout. The input is then passed to two parallel Dense layers that form a
residual block. The result of this block is then added (Add) to the initial input as a skip connection. The
output of this addition is passed to the output Dense layer for final classification. Adopt depthwise separable
convolution with skip connection, use parallel dense layer and L2 regularization to enrich feature
learning[39].

Hybrid Inception dan Xception
It is a combination of Inception and Xception in two parallel paths. The outputs of both paths are
concatenated, followed by Global Average Pooling, Dense, and Dropout before heading to the output layer.

Figure 5. Hybrid architecture

The third model is a hybrid architecture that combines principles from two popular CNN architectures,
namely Inception and Xception as shown in Figure 5. Although originally developed for image data, both
have been modified to be applicable to tabular or structured data. The data is first processed through
Conv2D and MaxPooling layers, then divided into two main blocks. The Inception block consists of
Conv2D paths with varying kernel sizes (1x1, 3x3, and 5x5) and MaxPooling, the results of which are then
combined. Meanwhile, the Xception block utilizes depthwise separable convolution to extract features with
high efficiency, accompanied by Batch Normalization and ReLU activation. These two blocks are then
combined and processed through Global AveragePooling, then passed to a Dense layer with 1024 neurons,
Dropout, and finally to the output layer.

Model Training

The model was compiled using the ReLU activation function, binary_crossentropy loss function, and
Adam's optimizer. The training process includes the use of EarlyStopping and ModelCheckpoint to prevent
overfitting and save the best model. Hyperparameters, including learning rate, batch size, and epoch count,
were evaluated across multiple setups. The training and validation procedure is illustrated graphically. The
performance comparison among Inception, Xception, and Hybrid models is presents in Table 3.
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Table 3. Inception, Xception, and Hybrid comparison

Model Optimizer  Batch Size Epoch
Inception (83) Adam 512 100
Inception (86) Adam 512 100
Xception (86) Adam 512 100
Xception (89) Adam 512 100
Hybrid (87) Adam 512 100
Hybrid (92) Adam 512 100

Evaluation Metrics
The ‘accuracy' standard is used as an evaluation metric to look at several work-related veins. In addition to
the above stresses, the F1 Score is also evaluated [40]. Accuracy is a measure of how many predictions are
correct from the tested data as a whole [41]. This metric is often used as an early indicator of model
performance as it includes correct predictions for both positive and negative classes [42]. Equation 1 shows
the proportion of correctly instances among all tested data.

TP +TN

A = X 1009 1
couracy = p TN+ FP+ FN ¢ 100% @)

Sensitivity, also called Recall, tells you how well the model can find positive data from all the data that is
genuinely positive. This statistic is useful for finding diseases or fraud, for example, because missing
positive cases can have catastrophic effects [43]. Equation 2 measures the ability of the model to correctly
identify positive cases.

TP
Sensitivity = ———— x 100% (2)
Y=TP+FN

Specificity tells you how well the model can locate negative data among all the true negative data. This
score demonstrates how successfully the model discovers negative data without mistakenly labeling them
as positive [44]. Equation 3 evaluates the ability of the model to correctly identify negative cases.

TN
Specificity = ————— x 100% 3)
pecificity = Ty—7p

Precision is the ratio of correct positive predictions to the total number of positive forecasts. It shows how
accurate the model's positive predictions are. A high accuracy means that the model doesn't often make
incorrect positive predictions [45]. Equation 4 measures the proportion of correctly predicted positive cases
among all predicted positives, indicating how reliable the model’s positive predictions are.

Precision = ——— 100% ( )
— X 0, 4
Lst TP + FP

The F1-Score is a single number that combines Precision and Recall by finding their harmonic mean. This
score balances the model's ability to find positive data (Recall) with its ability to make accurate positive
predictions (Precision)[46]. Equation 5 represent the harmonic mean of Precision and Sensitivity (Recall),
balancing the model’s ability to detect positive cases with the accuracy of its positive predictions.

Sensivity X Precision
F1—Score =2 X — —— X 100% (5)
Sensitivity + Precision

Evaluation was conducted before and after SMOTE. Before SMOTE, the models tended to fail to detect
stroke classes. After SMOTE, recall and F1-score improved significantly especially in the Hybrid model as
shown in Table 4 and Figure 6.
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Table 4. Before and after SMOTE comparison

. Before SMOTE After SMOTE
Metric Class " - . - . -
Inception Xception Hybrid Inception Xception Hybrid
Accuracy 95.15 95.15 95.15 86.26 89.26 92.2
Recall 1 1.00 0.84 1.00 0.85 0.84 0.91
2 0.00 0.94 0.00 0.88 0.94 0.93
Precision 1 0.95 0.93 0.95 0.90 0.93 0.93
2 0.00 0.86 0.00 0.82 0.86 0.92
F1-Score 1 0.98 0.98 0.98 0.87 0.89 0.92
2 0.00 0.90 0.00 0.85 0.90 0.92
Before SMOTE After SMOTE

1000

800

600

True label
True label

400

200

0 1 0 1
Predicted label Predicted label

Figure 6. Comparison of confusion matrix before and after SMOTE

RESULT AND DISCUSSION

For the purpose of classifying stroke data using tabular data, this study compares the effectiveness of three
convolutional models: Inception, Xception, and Hybrid Inception-Xception. The confusion matrix and the
four cornerstone evaluation metrics—recall, accuracy, precision, and F1-score—form the basis of the
evaluation. After SMOTE equilibration, all models were tested on the same data. The stability of the
training set and the model's generalizability were evaluated using accuracy and loss graphs.

Asiillustrated in Figure 8, the Inception model yielded 863 correct negatives and 722 correct positives, with
157 incorrect positives and 95 incorrect negatives. The confusion matrix of the Inception model, shown in
Figure 7. The results demonstrate that the model is sensitive to stroke instances, but it still makes a lot of
mistakes, particularly in the negative category. Figure 9 displays a consistent training pattern for the
accuracy and loss graphs. Overfitting is not shown by validation loss, which follows the drop in training
loss. The fact that the validation accuracy is almost the same as the training accuracy further demonstrates
the model's data-learning and extrapolation capabilities.

- 500

True label

- 400

r 300

r200

— 100

0 1
Predicted label

Figure 7. Confusion matrix inception
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Figure 8. Training and validation of loss and accuracy graphs inception

The Xception model correctly classified 861 non-stroke data and 961 stroke data. The number of false
positives and false negatives was 159 and 60, respectively (Figure 10). This model showed increased
sensitivity to the positive class compared to Inception. As shown in Figure 11, the training loss decreased
sharply from the beginning, and although the validation loss fluctuated, it stabilized after the 60th epoch.
The validation accuracy increased significantly and was close to the training accuracy, indicating that the
model learned well over time.
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Figure 9. Confusion matrix Xception
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Figure 10. Training and validation of loss and accuracy graphs Xception

The hybrid model showed the best performance with 932 true negatives and 950 true positives. The number
of misclassifications was only 88 false positives and 71 false negatives at Figure 12. This makes the Hybrid
model the most reliable approach in this study. Figure 13 shows that both training and validation loss
decreased consistently and converged. Training and validation accuracies also increased steadily without
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sharp fluctuations, with validation accuracy exceeding 92%. This indicates that the model not only learns
efficiently, but also has high generalization ability.
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Figure 11. Confusion matrix Hybrid Inception-Xception
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Figure 12. Training and validation of loss and accuracy graphs Hybrid Inception Xception

To compare the three models, Table 4 presents the key evaluation metrics. The Hybrid model excels in
almost all metrics, with 92.2% accuracy and balanced precision, recall, and F1-score values above 0.92 as
shown in Table 2. The Xception model comes in second, and Inception last, mainly due to lower recall and
F1-score values for class 1 (stroke).

Table 5. Accuracy comparison of Inception, Xception, and Hybrid Inception-Xception

Model Kelas Precision Recall F1-Score Accuracy
Inception 2 822 822 82; 86.28%
R S B LS B Y
A N T

These results show that the use of a hybrid architecture provides significant advantages, especially in terms
of the balance between precision and recall as shown in Table 5. This is crucial in medical contexts such as
stroke classification, where detection of positive cases is more important than just high accuracy. In
addition, the application of SMOTE was shown to increase sensitivity to minority classes, drastically
reducing false negative values. Compared to previous approaches using only one architecture or traditional
models, the Hybrid model in this study shows great potential to be applied in tabular data-based automated
medical diagnosis systems.
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CONCLUSION

This research proves that the Hybrid architecture deep learning model, which combines the strengths of
Inception and Xception, provides the best performance in stroke data classification based on tabular data
that has been balanced using SMOTE. Compared to the Inception and Xception models separately, the
Hybrid model showed the highest accuracy of 92.2% with balanced precision and recall values and the least
number of misclassifications. These results show that the combined approach of convolutional architecture
can improve the performance of stroke case detection, especially in the context of imbalanced data. The
stable training process without overfitting and high generalization ability make this model very potential to
be applied in automated medical detection systems, especially in real environments that demand accuracy
and efficiency. This research makes a real contribution to the development of decision support systems in
the health sector with a deep learning approach based on tabular data.
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