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Abstract—Artificial Intelligence is improving healthcare by
allowing more accurate prediction and identification of diseases.
Deep Learning, which is a part of Al, is good at examining
complicated medical information. Stomach cancer is a serious
health issue that often leads to high death rates. Detecting this
disease early and correctly categorizing it are key to effective
treatment. The use of AI and Deep Learning increases the
accuracy of diagnosis and helps doctors take promptly. In existing
systems, stomach cancer prediction relies on deep learning models
like EfficientNet-B5 for medical image classification. These models
often suffer from overfitting, reducing accuracy and lack
explainable Al, making results hard to trust. Techniques such as
data augmentation, regularization and explainable Al are applied
to improve accuracy, reliability and interpretability for clinical
use. Even though existing models like EfficientNet-B5S provide
cancer prediction, they face issues such as overfitting and lack of
explainable Al, reducing accuracy and trust. These limitations
make it difficult for doctors to rely on automated predictions. The
proposed system uses a hybrid model combining machine learning
and deep learning techniques to improve accuracy. It integrates
LIME (Local Interpretable Model-agnostic Explanations) for
interpretable and transparent predictions. This approach
enhances diagnostic reliability and supports effective clinical
decision-making.

Index Terms— Artificial Intelligence, Deep Learning, Stomach
Cancer Detection, Medical Image Classification, EfficientNet-B5,
Explainable Al, LIME, Hybrid Model, Diagnostic Accuracy,
Clinical Decision Support.

1. Introduction

Artificial Intelligence (Al), a core area of computer science,
is increasingly transforming modern healthcare by enabling
faster, more accurate and data-driven disease diagnosis. Among
its techniques, Deep Learning has shown remarkable success in
analyzing complex medical data such as endoscopic images,
histopathology slides and radiological scans [13], [14]. One of
the major challenges in healthcare is the early detection of
Gastric Cancer, which remains a leading cause of cancer-related
mortality worldwide due to late diagnosis and misclassification
in its early stages [3], [6]. Accurate and timely detection is
therefore essential for improving survival rates and enabling
effective treatment planning.

Although existing approaches based on deep learning models
like EfficientNet-B5 have demonstrated promising results, they
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often suffer from overfitting due to limited labeled datasets and
high model complexity [11], [12]. Furthermore, these models
lack interpretability, operating as black boxes that make it
difficult for clinicians to understand the reasoning behind
predictions, thereby reducing trust and limiting clinical
adoption [17], [21]. These challenges highlight the need for
more robust, generalizable and interpretable AI- driven
solutions for effective stomach cancer diagnosis.

2. Related Work

Gastric cancer detection has been widely studied using
artificial intelligence and deep learning techniques, with the
primary aim of improving early diagnosis and classification
accuracy. Many research works have focused on applying deep
learning models, particularly Convolutional Neural Networks
(CNNs), for analyzing medical images such as endoscopic and
CT scans. These models are highly effective in identifying
abnormal regions and classifying cancerous tissues due to their
ability to automatically extract hierarchical features from
complex image data [11], [3]. As a result, CNN-based
approaches have achieved significant improvement in detection
accuracy and reliability in medical image analysis.

To further enhance performance, several studies have
introduced advanced and optimized architectures such as
EfficientNet and transfer learning-based models. EfficientNet-
BS, in particular, has shown strong performance by scaling
network depth, width and resolution in a balanced manner,
enabling better feature extraction with fewer parameters.
Additionally, hybrid approaches integrating optimization
algorithms and autoencoders have been proposed to improve
feature representation and classification efficiency [4], [12].
These methods contribute to higher accuracy, precision, recall
and overall robustness in gastric cancer detection systems.

In recent years, researchers have also explored multimodal
learning approaches for gastric cancer diagnosis. These
methods combine different types of data, including medical
images, clinical records and patient-specific information, to
improve prediction accuracy. Models such as NOMO- LDLM-
2F utilize multi-lesion and time-series CT images along with
clinical data to predict survival outcomes and support
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personalized treatment planning [2],[1]. This integration of
multiple data sources helps in capturing complex disease
patterns, reducing false predictions and enhancing early
detection capabilities.

Despite these advancements, one of the major limitations of
existing systems is that they rely heavily on CNN-based
architectures, which mainly capture local features such as edges
and textures. While these features are important, they are not
sufficient to model global contextual relationships present in
medical images [16]. Additionally, many models operate as
black-box systems, providing predictions without clear
explanations. This lack of interpretability makes it difficult for
clinicians to understand and trust the model’s decisions, thereby
limiting their adoption in real-world healthcare environments
[17].

To overcome the issue of interpretability, Explainable
Artificial Intelligence (XAI) techniques have been introduced
in recent studies. Methods such as SHAP and LIME are used to
provide visual explanations by highlighting the important
regions in medical images that influence the model’s
predictions. These techniques improve transparency and help
clinicians validate Al-based decisions [5], [20]. However, in
most existing systems, explainability is applied as a separate
component rather than being fully integrated into high-
performance deep learning models [21].

Although significant progress has been made, existing
systems still face several challenges, including overfitting due
to limited datasets, lack of integration between local and global
feature learning and insufficient interpretability. Most models
fail to effectively combine detailed spatial features with broader
contextual understanding [12], [16]. These limitations highlight
the need for a more advanced and comprehensive approach that
integrates both local and global feature extraction along with
explainable Al techniques, which forms the motivation behind
the proposed hybrid CNN-Vision Transformer model for
gastric cancer detection.

3. Our Approach

A. System architecture

Architecture Diagram: Hybrid CNN-VIT for Gastric Cancer Classification with Explainability
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Fig. 1. System architecture

The architecture diagram of the proposed system illustrates a
structured pipeline for detecting Gastric Cancer using a hybrid
CNN-Vision Transformer (ViT) model. Initially, input medical
images are preprocessed through resizing, normalization and
contrast enhancement. The processed images are then passed
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into a CNN module, which extracts local features such as edges
and textures. These features are converted into patches and fed
into the Vision Transformer, where global contextual
relationships are learned using self-attention. The combined
feature representation is then passed to a classifier for
prediction. Finally, LIME (Local Interpretable Model-agnostic
Explanations) generates visual explanations, highlighting
important regions influencing the model’s decision.

B. Model aescription
1) ViT algorithm

The Vision Transformer (ViT) is an advanced deep learning
model that applies transformer architecture to image analysis
by treating images as sequences of patches. The input image is
divided into fixed-size patches, each converted into a vector
representation and combined with positional encoding before
being processed by a transformer encoder. Using a self-
attention mechanism, the model captures relationships between
different regions of the image, enabling it to learn global
contextual information. This ability to model long-range
dependencies improves the detection of complex patterns in
medical images, leading to enhanced classification performance
and supporting accurate diagnosis and clinical decision-
making.
2) CNN algorithm

The Convolutional Neural Network (CNN) is a deep
learning-based model widely used for medical image analysis
and disease detection. It processes input images through
multiple convolutional layers to automatically extract spatial
features such as edges, textures and abnormal tissue patterns.
Activation functions and pooling layers are applied to enhance
important features while reducing computational complexity.
The learned feature maps are then passed through fully
connected layers for classification tasks such as identifying
cancerous and non-cancerous regions. Due to its strong
capability in capturing local features and fine-grained details,
CNN provides accurate and reliable detection of abnormalities
in medical images.

C. Methodology

1) Data collection

Data collection is the foundational step in developing an
effective medical image classification system. In this proposed
work, the dataset is obtained from open- source repositories
such as Kaggle, which provides a wide range of publicly
available medical imaging datasets. These datasets may include
endoscopic images, histopathology slides or radiological scans
related to Gastric Cancer. The collected data typically consists
of labeled images categorized into classes such as normal,
benign and malignant, which are essential for supervised
learning.

Since medical datasets are often limited and imbalanced,
careful selection of high-quality and diverse samples is
important to ensure model robustness. Metadata associated with
the images, such as patient information or imaging conditions,
may also be considered if available, although privacy and
ethical standards must be maintained. Data from Kaggle is
usually pre-annotated by experts or derived from clinical
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sources, making it suitable for training deep learning models.

However, variations in image resolution, lighting conditions
and noise levels are common challenges in such datasets.
Therefore, proper validation of dataset quality is necessary
before further processing. Additionally, splitting the dataset
into training, validation and testing subsets ensures unbiased
evaluation of the model. By leveraging Kaggle as a data source,
the system benefits from accessibility, diversity and real-world
relevance, which are critical for building a reliable and scalable
stomach cancer detection model.

2) Pre-Processing

Pre-processing is a critical stage that prepares raw medical
images for effective analysis by deep learning models. The
primary objective of this step is to enhance image quality,
remove noise and standardize the dataset to ensure consistent
input to the model. Initially, all images are resized to a uniform
dimension, typically 224x224 pixels, to match the input
requirements of deep learning architectures. Pixel
normalization is then performed to scale intensity values,
usually between 0 and 1, which helps in stabilizing and
accelerating the training process.

In medical imaging, variations in lighting and contrast can
obscure important features such as lesions or abnormal tissues.
To address this, techniques like Contrast Limited Adaptive
Histogram Equalization (CLAHE) are applied to enhance local
contrast and improve visibility of critical regions. Noise
reduction filters, such as Gaussian or median filtering, may also
be used to remove unwanted artifacts without affecting
essential details.

Data augmentation is another important pre- processing
technique used during training to artificially increase dataset
size and diversity. Common augmentation methods include
rotation, flipping, zooming and brightness adjustments, which
help reduce overfitting and improve generalization.
Additionally, class balancing techniques may be applied to
address imbalanced datasets.

3) Feature extraction

Feature extraction is a crucial step in which meaningful
patterns are derived from medical images to facilitate accurate
classification. In the proposed system, feature extraction is
performed using a hybrid approach that combines
Convolutional Neural Networks (CNN) and the Vision
Transformer (ViT). The CNN component acts as an initial
feature extractor, capturing local spatial features such as edges,
textures and fine-grained lesion patterns from the preprocessed
images.

These local features are essential for identifying subtle
abnormalities present in Gastric Cancer images. The output of
the CNN is a set of feature maps that represent spatial
hierarchies within the image. These feature maps are then
converted into patches or tokens, which are fed into the Vision
Transformer. The ViT utilizes a self-attention mechanism to
analyze relationships between different regions of the image,
enabling it to capture global contextual information.

This is particularly important in medical imaging, where
disease patterns may not be localized to a single region. By
combining CNN-based local features with ViT-based global
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features, the system generates a comprehensive and
discriminative feature representation. This hybrid feature
extraction approach improves the model’s ability to distinguish
between normal and abnormal tissues, ultimately enhancing
classification accuracy and robustness.

4) Model creation using CNN+ViT algorithm

Model creation involves designing and training a hybrid
architecture that integrates CNN and Vision Transformer (ViT)
for effective stomach cancer detection. The model begins with
a CNN backbone, such as ResNet or MobileNet, which
processes the input images and extracts local features. These
features are then transformed into a sequence of patches
suitable for transformer processing. The Vision Transformer
module takes these patches as input and applies multi-head self-
attention to capture global dependencies and contextual
relationships across the image.

The outputs from both CNN and ViT are combined or fused
to form a unified feature vector that represents both local and
global information. This feature vector is then passed to a
classification layer or a machine learning classifier, such as
Support Vector Machine, to predict the class label. During
training, the model learns to minimize classification error using
optimization algorithms such as Adam or SGD.

Regularization techniques like dropout and early stopping
are applied to prevent overfitting. The hybrid CNN- ViT model
leverages the strengths of both architectures, resulting in
improved performance compared to traditional deep learning
models. This design ensures better feature representation,
higher accuracy and improved generalization for medical image
classification tasks.

5) Test data

The testing phase is essential for evaluating the performance
and generalization capability of the trained model. In this step,
a separate portion of the dataset, not used during training or
validation is used as test data. This ensures that the model is
evaluated on unseen data, providing an unbiased assessment of
its real-world performance. The test dataset typically contains
images representing all classes, such as normal, benign and
malignant cases of Gastric Cancer. Before testing, the images
undergo the same pre- processing steps applied during training
to maintain consistency.

The trained CNN—ViT model processes each test image to
extract features and generate predictions. Performance metrics
such as accuracy, precision, recall, F1- score and ROC-AUC
are calculated to evaluate the model’s effectiveness. Confusion
matrices may also be used to analyze classification errors and
identify areas for improvement. Testing helps determine
whether the model can generalize well to new data and whether
it is suitable for clinical deployment. A robust testing process
ensures reliability, reduces the risk of misdiagnosis and
validates the effectiveness of the proposed system.

6) Prediction

Prediction is the stage where the trained model is used to
classify new, unseen medical images. In this step, an input
image undergoes pre-processing and is passed through the
CNN-VIT hybrid model to extract features and generate a
prediction. The model outputs a class label indicating whether
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the image corresponds to a normal, benign or malignant case of
Gastric Cancer. Along with the predicted label, the model may
also provide a confidence score that indicates the probability of
the prediction. This helps clinicians assess the reliability of the
result.

The prediction process is designed to be fast and efficient,
enabling real-time or near real-time analysis in clinical settings.
Accurate predictions are critical for early diagnosis and
treatment planning, as they directly influence clinical decisions.
By leveraging the hybrid CNN-VIiT architecture, the system
ensures that both local and global features are considered during
prediction, resulting in improved accuracy and robustness
compared to traditional methods.

7) LIME integration

To enhance transparency and interpretability, the proposed
system integrates LIME (Local Interpretable Model-agnostic
Explanations). LIME is an explainable Al technique that
provides insights into how a model makes predictions by
approximating it locally with an interpretable model. In this
system, LIME is applied to individual predictions to identify the
most influential regions of the input image that contributed to
the classification decision.

It generates visual explanations in the form of highlighted
regions or heatmaps, which indicate areas that strongly
influence the prediction. This is particularly important in
medical applications, where understanding the reasoning
behind a diagnosis is crucial for clinical acceptance. By
providing clear and interpretable explanations, LIME helps
clinicians validate the model’s predictions against medical
knowledge and ensures that the system is not relying on
irrelevant features. This increases trust, accountability and
usability of the AI system in real- world healthcare
environments.

8) Convolutional layer

The Convolutional Layer is the fundamental building block
of Convolutional Neural Networks (CNNs) and plays a crucial
role in feature extraction within hybrid architectures that
integrate CNN with the Vision Transformer (ViT). This layer is
responsible for detecting low-level and mid-level features from
input medical images, such as edges, textures and lesion-
specific patterns, which are essential for identifying
abnormalities in diseases like Gastric Cancer.

The convolutional layer operates by applying a set of
learnable filters (kernels) that slide across the input image,
performing element-wise multiplication and summation to
produce feature maps. These feature maps preserve the spatial
structure of the image while highlighting important visual
patterns. Mathematically, the convolution operation can be
expressed as:

M-1N-1

F(i,§) = Z Z I(i+m,j+n)-K(mmn)+b

m=0 n=0

where 1(i,j) represent the input image, K(m,n) denotes the
convolution kernel of size MxN , b is the bias term and F(i,j) is
the resulting feature map. This operation is repeated across
different filters to extract multiple feature representations from
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the same input. After convolution, an activation function such
as RelLU is typically applied to introduce non-linearity and
enabling the model to learn complex patterns.

P(i,j) = max F(i+m,j+n)
(mn)eR

The convolutional layer is highly efficient due to parameter
sharing and sparse connectivity, which reduces computational
cost compared to fully connected layers. In medical imaging
applications, this layer helps in capturing subtle variations in
tissue structures, making it indispensable for accurate
diagnosis. When integrated with transformer- based models, the
convolutional layer provides strong localized feature
representations that complement the global context captured by
attention mechanisms, resulting in improved overall
performance.

9) Pooling layer

The Pooling Layer, also known as the downsampling layer,
is an essential component of Convolutional Neural Networks
used to reduce the spatial dimensions of feature maps while
retaining the most important information. It helps decrease
computational complexity, control overfitting and make the
model more robust to small variations in the input. In medical
image analysis tasks such as detecting Gastric Cancer, pooling
ensures that prominent features like lesions or abnormal regions
are preserved while reducing noise. The most commonly used
type is max pooling, which selects the maximum value from a
defined window, emphasizing the strongest feature responses.
Mathematically, max pooling can be expressed as:

Where, F(i,j) is the input feature map, R represents the
pooling region (e.g., 2x2 window) and P(i,j) is the output
pooled feature map. By summarizing local regions, pooling
layers help improve model efficiency and generalization while
preserving critical spatial features.

10) Patch Embedding Layer

In the proposed hybrid system that integrates CNN with the
Vision Transformer (ViT), the Patch Embedding Layer plays a
crucial role in bridging convolution-based feature extraction
and transformer-based global learning. After the input medical
image (such as an endoscopic image for Gastric Cancer
detection) passes through the CNN module, a set of refined
feature maps is obtained. Instead of directly feeding these
feature maps into a classifier, they are divided into smaller non-
overlapping patches.

This allows the system to convert spatial feature
representations into a sequence format suitable for transformer
processing. Each extracted patch is flattened into a one-
dimensional vector and then passed through a linear projection
layer to generate embeddings. This process ensures that the
local features learned by the CNN are transformed into tokens
that retain important spatial information. Mathematically, this
transformation is represented as:

Where, xi represents the flattened patch derived from CNN
feature maps, E is the learnable weight matrix, b is the bias and
zi is the resulting embedded token. These tokens are then fed
into the transformer encoder, where global relationships
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between different regions of the image are analyzed. In this
proposed system, the patch embedding layer ensures smooth
integration between CNN and ViT, enabling the model to
effectively combine local feature extraction with global
contextual understanding for improved classification
performance.

..’-'g_.'a[‘-g'E—-f—b

11) Classification Layer (Output Layer)

The Classification Layer (Output Layer) is the final stage of
the proposed CNN-ViT hybrid system, responsible for
producing the final prediction based on the extracted features.
After feature extraction using CNN and global context
modeling using the Vision Transformer (ViT), the combined
feature vector is passed to a classifier. In the proposed system,
a machine learning classifier such as Support Vector Machine
(SVM) is used instead of a traditional fully connected layer to
improve generalization, especially for detecting Gastric Cancer
from limited datasets. Mathematically, for linear classification,
the prediction can be expressed as:

y — sign(w -z + b)

Where, x is the input feature vector, www is the weight
vector, b is the bias and y is the predicted class label. This layer
outputs the final class along with confidence.

4. Results and Discussion

The results and discussion of the proposed hybrid CNN-
Vision Transformer (ViT) model demonstrate significant
improvements in the detection and classification of Gastric
Cancer compared to conventional deep learning approaches.
The model was evaluated using standard performance metrics
such as accuracy, precision, recall, F1- score and ROC-AUC,
ensuring a comprehensive assessment.

Experimental results indicate that the hybrid architecture
effectively captures both local and global features, resulting in
higher classification accuracy, improved robustness and
reduced overfitting, as evidenced by a smaller gap between
training and testing performance compared to traditional
EfficientNet-based systems. The CNN component extracts
fine-grained spatial features such as textures and lesion
boundaries, while the Vision Transformer captures long-range
dependencies and contextual relationships across the image,
leading to enhanced feature representation.

Furthermore, the use of a machine learning classifier
improves generalization, especially when working with limited
medical datasets. A key contribution of the system is the
integration of LIME (Local Interpretable Model-agnostic
Explanations), which provides visual explanations by
highlighting important regions influencing predictions, thereby
validating the model’s decisions and increasing trust among
healthcare professionals.
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A. Accuracy

Accuracy is a fundamental evaluation metric used to measure
the overall correctness of the proposed CNN-Vision
Transformer (ViT) hybrid system in classifying medical images
for Gastric Cancer detection. It represents the proportion of
correctly predicted instances among the total number of
samples evaluated. In this system, accuracy reflects how
effectively the model distinguishes between different classes
such as normal, benign and malignant cases based on the
combined local and global features extracted through CNN and
ViT. A higher accuracy indicates better model performance and
reliability in clinical decision support. Mathematically,
accuracy is defined as:

TP +TN
TP +TN + FP + FN

Accuracy —

Where, TP (True Positive) represents correctly predicted
positive cases, TN (True Negative) denotes correctly predicted
negative cases, FP (False Positive) indicates incorrectly
predicted positive cases and FN (False Negative) represents
missed positive cases. In the context of medical diagnosis,
achieving high accuracy is important; however, it must be
interpreted alongside other metrics such as recall and precision
to ensure balanced performance. The proposed hybrid model
achieves improved accuracy due to its ability to thereby capture
both detailed local features and global contextual information,
enhancing classification effectiveness and reducing diagnostic
erTors.

Model Accuracy

098 9 = Training ACCuracy —
validation Accuracy //'
..—'-'""'F"
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Fig. 2. Precision-Confidence curve

The accuracy graph of the proposed CNN-Vision
Transformer (ViT) hybrid system illustrates the model’s
performance over training epochs, showing how effectively it
learns to classify Gastric Cancer images. Typically, the graph
consists of two curves: training accuracy and validation
accuracy plotted against the number of epochs. In the initial
stages, both curves start at a lower accuracy level as the model
begins learning basic features.

As training progresses, the accuracy steadily increases,
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indicating that the model is successfully capturing important
patterns from the data. The training accuracy generally rises
faster, while the validation accuracy follows a similar trend
with slight variations. A key observation in the proposed system
is the minimal gap between training and validation accuracy,
which indicates reduced overfitting and strong generalization
capability.

This improvement is achieved through the hybrid
architecture, where CNN extracts local features and ViT
captures global dependencies. The graph eventually reaches a
plateau, suggesting convergence of the model where further
training does not significantly improve performance. A stable
and high validation accuracy curve confirms that the model
performs well on unseen data.

B. Loss

Loss is a critical metric used to evaluate how well the
proposed CNN—Vision Transformer (ViT) hybrid system
performs during training for Gastric Cancer classification. It
measures the difference between the predicted output and the
actual ground truth labels. In this system, categorical cross-
entropy loss is commonly used for multi-class classification
problems. A lower loss value indicates better model
performance, as it signifies that predictions are closer to the true
labels. Mathematically, the loss function is defined as:

N
L=—) ylog(f)
i1

Where, yi represents the true label, y™i is the predicted
probability for class i and N is the total number of classes.
During training, the loss decreases as the model learns
meaningful features from both CNN and ViT components. A
smooth and consistent reduction in loss indicates stable learning
and improved convergence of the proposed system.

Model Loss
0,09 —— Training Loss
Validation Loss
008
0.07
i
e
3 0.06
pa \\\
0.04 k- 0
—
g
0.0 0.5 1.0 1.5 2.0 2.5 3.0 19 40

Epochs
Fig. 3. Recall-Confidence curve

The loss graph of the proposed CNN—Vision Transformer
(ViT) hybrid system illustrates how the model’s error decreases
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during training for Gastric Cancer classification. The graph
typically consists of two curves: training loss and validation
loss plotted against the number of epochs. At the beginning of
training, both losses are high because the model has not yet
learned meaningful patterns from the data. As training
progresses, the training loss decreases steadily, indicating that
the model is improving its predictions by minimizing errors.

The validation loss also decreases, showing that the model is
generalizing well to unseen data. A key observation in the
proposed system is that the validation loss closely follows the
training loss with only a small gap, which indicates reduced
overfitting and good generalization capability. The hybrid
architecture, combining CNN for local feature extraction and
ViT for global context learning, contributes to stable and
efficient convergence. As the number of epochs increases, both
loss curves gradually stabilize and reach a plateau, suggesting
that the model has learned optimal feature representations. A
smooth and consistent decrease in loss without sudden spikes
reflects stable training behavior.

C. Precision

Precision is an important performance metric used to
evaluate the reliability of the proposed CNN-Vision
Transformer (ViT) hybrid system in classifying Gastric Cancer
images. It measures the proportion of correctly predicted
positive cases among all cases predicted as positive by the
model. In medical diagnosis, precision is particularly
significant because it reflects how many of the identified cancer
cases are truly cancerous, thereby reducing false alarms. A high
precision value indicates that the model produces fewer false
positives, which is crucial in clinical settings to avoid
unnecessary stress, additional tests and incorrect treatments.
Mathematically, precision is defined as:

Y o
IP + FP

Where, TP (True Positive) represents correctly predicted
cancer cases and FP (False Positive) represents non- cancer
cases incorrectly classified as cancer. In the proposed system,
the combination of CNN for local feature extraction and ViT
for capturing global contextual information improves the
model’s ability to accurately distinguish between normal and
abnormal tissues. As a result, the system achieves higher
precision by minimizing incorrect positive predictions. This
enhances diagnostic reliability and supports more accurate
clinical decision-making.

D. Recall

Recall, also known as sensitivity, is a crucial evaluation
metric for the proposed CNN—Vision Transformer (ViT) hybrid
system in detecting Gastric Cancer. It measures the model’s
ability to correctly identify all actual positive cases from the
dataset. In medical diagnosis, recall is especially important
because it reflects how many true cancer cases are successfully
detected, minimizing the risk of missed diagnoses (false

Precision —
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negatives). A high recall value indicates that the system is
effective in identifying most of the patients who truly have the
disease. Mathematically, recall is defined as:

i o

o P A
T TP

Where, TP (True Positive) represents correctly predicted
cancer cases and FN (False Negative) represents actual cancer
cases that were incorrectly classified as non- cancer. In the
proposed system, the hybrid architecture improves recall by
capturing both local and global features, ensuring more
comprehensive detection of abnormalities.

E. FI Score

F1-score is a comprehensive evaluation metric that combines
both precision and recall to provide a balanced measure of the
proposed CNN-Vision Transformer (ViT) hybrid system’s
performance in detecting Gastric Cancer. It is particularly
useful when dealing with imbalanced medical datasets, where
relying on a single metric may be misleading. The F1-score
represents the harmonic mean of precision and recall, ensuring
that both false positives and false negatives are taken into
account. A high F1-score indicates that the model maintains a
good balance between correctly identifying cancer cases and
minimizing incorrect predictions. Mathematically, the F1-score
is defined as:

Precision x Recall

Fl-score = 2
S “ Precision + Recall

This metric is especially important in clinical applications,
where both detecting true cases and avoiding misclassification
are critical. The proposed hybrid model improves the F1-score
by leveraging both local and global feature extraction for more
accurate classification.

F. Comparison graph

The performance comparison graph illustrates the
effectiveness of different models—CNN, ResNet, EfficientNet
and the hybrid CNN—Vision Transformer (ViT)—across key
evaluation metrics for Gastric Cancer detection. The graph
clearly shows a progressive improvement in performance from
traditional CNN to more advanced architectures. The basic
CNN model achieves moderate results, with accuracy around
88%, indicating its ability to capture fundamental image
features but with limited generalization.

ResNet improves performance by addressing vanishing
gradient issues, achieving higher accuracy and stability.
EfficientNet further enhances results by optimizing model
scaling, reaching strong performance across all metrics.
However, the hybrid ViT+CNN model outperforms all others,
achieving the highest accuracy (98%), precision (97%), recall
(96%) and F1-score (96.5%).

This improvement is due to its ability to combine local
feature extraction from CNN with global context understanding
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from ViT, resulting in more comprehensive feature
representation. The consistent increase across all metrics
indicates better classification capability and reduced errors,
including both false positives and false negatives.
Performance Comparison Graph
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5. Conclusion

Gastric cancer remains a critical global health challenge due
to difficulties in early detection and accurate classification.
Although deep learning models like EfficientNet-BS show
strong performance, they often suffer from overfitting and
limited interpretability. This work proposed a hybrid CNN-
Vision Transformer (ViT) architecture to capture both local and
global features, improving classification accuracy.

The use of machine learning classifiers enhances
generalization on limited datasets, while LIME adds
interpretability, increasing clinical trust. Experimental results
confirm that the proposed system achieves better accuracy,
reliability and transparency.
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