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Abstract: Early-stage gastric cancer (GC) diagnosis from histopathological images remains challenging due to subtle
morphological variations and inter-slide staining variability. This study proposes a deep learning-based multi-stage GC
classification framework that integrates convolutional feature extraction with attention-based contextual modeling. Eight
pretrained convolutional neural networks (CNNs) are evaluated, among which DenseNet121 and MobileNetV2 achieve the
strongest baseline performance (accuracy ≈ 85.8% and 85.9%, respectively). Building on these results, two novel architectures
are developed. The first is an enhanced DenseNet121 model that incorporates multi-path convolution, squeeze-and-excitation
(SE) channel recalibration, and attention optimization to capture multi-scale morphological patterns. The second is a
Hybrid DenseNet121–Transformer framework that integrates global self-attention with convolutional representations to
improve contextual understanding of tissue structures. The models are trained using standardized preprocessing,
Macenko stain normalization, extensive data augmentation, and class balancing on a dataset of 7,010 histopathology images
representing Normal, Stage I, and Stage II gastric tissues. The proposed hybrid CNN–Transformer framework achieves 90.2%
classification accuracy, a macro F1-score of 91.4%, and an Area Under the Curve (AUC) of 0.985, outperforming baseline
CNN architectures in stage-wise discrimination. Attention-based visualization highlights diagnostically relevant tissue
regions and improves model interpretability. These findings demonstrate that combining multi-scale convolutional representa-
tions with Transformer-based global attention provides a robust and interpretable framework for automated GC histopathology
analysis.
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I. INTRODUCTION
Gastric and colonic epithelial cancers are major global health
challenges, with gastric cancer (GC) remaining one of the most
common and deadly malignancies worldwide [1,2]. GC is currently
the fifth most common cancer and the fourth leading cause of
cancer-related mortality, highlighting the urgent need for improved
early detection strategies. Gastric carcinoma accounts for nearly
90–95% of all GC cases and represents the predominant form of
this disease [3,4]. Owing to this dominance, the terms “gastric
cancer” and “gastric carcinoma” are often used interchangeably in
the literature [5]. Diagnosis primarily relies on histopathological
examination of hematoxylin and eosin (H&E)-stained biopsy
samples. These samples reveal key features such as gland forma-
tion, nuclear atypia, and invasion patterns that are essential for
tumor classification and staging [6]. Despite advances in imaging
and endoscopy, many cases are still detected at advanced stages.
Manual histopathology remains the gold standard; however, it is
time-consuming and subject to inter-observer variability [7–9].
This limitation has led to increasing interest in deep learning-based
approaches for early and accurate diagnosis. Figure 1(a–c) illus-
trates the histopathological progression of GC.

Accurate diagnosis of GC remains challenging. Conventional
histopathological methods are invasive, prone to sample contami-
nation, and affected by inter-observer variability. Early-stage le-
sions often exhibit subtle morphological changes that may be
overlooked by pathologists. This can lead to inconsistent or
delayed diagnoses. Although timely detection improves treatment
outcomes, current diagnostic practices remain limited. Deep learn-
ing has emerged as an effective solution for automated diagnosis.
Pretrained convolutional neural network (CNN) models can auto-
matically extract complex tissue patterns and detect subtle abnor-
malities with high accuracy [7]. These models improve diagnostic
speed and reduce human error. They also support reliable and
consistent assessments, even in resource-constrained
environments.

However, clinical adoption remains limited due to two major
challenges. The first is poor model interpretability. The second is
limited generalizability across datasets. This study addresses these
issues by fine-tuning and optimizing multiple pretrained CNN
architectures, including DenseNet121, MobileNetV2, ResNet50,
and InceptionV3. The models are trained on curated, augmented,
and cross-validated datasets from GasHisSDB, SEED, and expert
annotations. This transfer learning approach improves robustness
and diagnostic accuracy. It also provides a strong foundation for
developing interpretable and clinically deployable GC detection
systems.Corresponding author: D. S. Radhika Shetty (e-mail: ss.radhika@gmail.com).
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The ensemble model beat all individual CNN architectures by
using complementary feature representations from many networks,
considerably enhancing robustness and diagnostic accuracy. This
research addresses the difficulty of early-stage stomach cancer
diagnosis by applying modern deep learning techniques for auto-
mated interpretation and categorization of histological images. A
diverse multi-source dataset was curated from GasHisSDB, SEED,
and expert-annotated biopsy slides, ensuring broad variability in
staining, tissue patterns, and acquisition conditions. The dataset
was thoroughly cleaned, standardized, and expanded utilizing
substantial augmentation—including rotations, zooming, flips,
shifts, and scaling to promote generalizability across unforeseen
clinical circumstances.

Eight advanced pretrained CNN models—DenseNet121, Ef-
ficientNetB4, InceptionResNetV2, InceptionV3, MobileNetV2,
ResNet50, VGG16, VGG19—were fine-tuned using Bayesian
hyperparameter optimization. Custom layers were added to capture
minute morphological variations critical for early GC detection.
Beyond these baselines, two upgraded architectures from our study
were added for ensemble prediction: (i) a Hybrid DenseNet121–
Vision Transformer model employing Macenko stain normaliza-
tion, label smoothing, focus loss, and multi-head self-attention for
global context modeling and (ii) an enhanced DenseNet121–
MPCNN-TAO–SE network integrating multi-path convolutional
network (MPCNN), transformer attention optimization (TAO), and
squeeze-and-excitation (SE) channel recalibration to learn multi-
scale and clinically significant features. Together, these models
were trained using class-balanced cross-entropy or localized loss to
alleviate class imbalance and improve sensitivity for early-stage
lesions. Evaluation included accuracy, recall, precision, AUC–
ROC, and loss, demonstrating that the ensemble achieved superior
performance benefiting from the CNNs’ local texture sensitivity,
the Transformer’s long-range context modeling, and SE-based
adaptive feature recalibration. This integrated deep learning tech-
nique considerably boosts early and multi-stage stomach cancer
detection, reduces diagnostic variability, accelerates analysis, and
delivers clinically interpretable predictions, delivering a significant
improvement in pathology-assisted cancer diagnosis.

The main contributions of this study are as follows. First, a
hybrid CNN–Transformer framework is developed for accurate
early-stage GC detection from histopathological images. Second,
extensive experiments are conducted on histopathological datasets
to evaluate the effectiveness of the proposed model using standard
performance metrics. Third, a comparative analysis is performed
with existing deep learning architectures to demonstrate the

superiority of the proposed approach. The remainder of this paper
is organized as follows: Section II presents the literature review,
Section III describes the proposed methodology, Section IV dis-
cusses the experimental setup and results, and Section V concludes
the study with future research directions.

II. LITERATURE REVIEW
Deep learning has significantly transformed computer-aided cancer
diagnosis. CNNs consistently outperform traditional handcrafted
feature-based approaches in both radiological and histopatholog-
ical image analysis. CNNs effectively capture local morphological
patterns such as glandular structure, cellular texture, and nuclear
atypia, which are critical for cancer detection. However, CNN-
based approaches face several limitations. They struggle to model
long-range tissue context. They also show limited performance in
reliable stage-wise discrimination. In addition, they often lack
clinically meaningful interpretability. These challenges are partic-
ularly evident in early GC diagnosis.

Early deep learning studies primarily rely on lightweight CNN
architectures tailored to specific imaging modalities. MobileNet-
based CNNs, combined with recurrent units and explainability
modules, demonstrate high diagnostic accuracy for lung cancer.
However, these models are limited to CT-based imaging and lack
cross-modality generalizability [9]. Human–AI collaborative fra-
meworks improve GC detection by incorporating expert feedback
during inference. However, their dependence on specialist involve-
ment limits scalability and real-world deployment [10]. CNN
feature extractors combined with traditional classifiers, such as
Support Vector Machine (SVMs), achieve high accuracy for
gastrointestinal disease detection. However, these approaches
focus mainly on coarse disease categorization and do not address
stage-wise progression [11].

To improve sensitivity toward subtle pathological variations,
attention-enhanced and multi-scale CNN architectures were intro-
duced. These models improved early lesion detection by empha-
sizing diagnostically relevant regions; however, they remained
constrained by patch-based inference and limited receptive fields,
restricting their ability to capture global tissue architecture [12].
Shape- or segmentation-driven deep models further enhanced
localization accuracy, yet their dependence on handcrafted priors
reduced adaptability across heterogeneous datasets and cancer
subtypes [13].

In histopathological analysis, stain normalization techniques
combined with CNNs improve robustness against staining vari-
ability and inter-laboratory differences. However, these approaches
still rely primarily on local feature extraction mechanisms [14].
More recently, Vision Transformer (ViT) architectures have gained
attention for their ability to model long-range spatial dependencies.
They also capture global contextual relationships across tissue
regions. ViTs achieve strong performance across gastrointestinal
and breast cancer datasets. However, their effectiveness is often
limited by high data requirements and substantial computational
cost [15]. Transfer learning-based CNNs and modern convolu-
tional architectures, such as ConvNeXt, show promising results in
breast cancer detection and prognostication. However, most studies
focus on binary classification or outcome prediction. They do not
adequately address early-stage or multi-stage cancer diagnosis
[16,17]. Bayesian-optimized CNNs improve training stability
and classification accuracy. However, they provide limited
interpretability, which reduces clinical transparency [18]. Ensem-
ble-based CNN frameworks enhance robustness and

Fig. 1. Representative histopathological progression from (a) Normal
gastric mucosa, (b) Stage I, and (c) Stage II gastric carcinoma under H&E
staining.
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generalization. However, they significantly increase inference
complexity, making them less suitable for real-time or resource-
constrained clinical settings [19,20]. A consolidated comparison of
these approaches and their limitations is presented in Table I.

Existing deep learning methods primarily focus on specific
aspects of cancer diagnosis. CNN-based models emphasize local
feature learning. Transformer-based models focus on global con-
text modeling. Ensemble methods aim to improve robustness.
However, each of these approaches involves inherent trade-offs.
Most prior studies do not provide a unified framework. They fail to
simultaneously address multi-scale feature representation, global
contextual reasoning, interpretability, and computational effi-
ciency. These limitations are particularly significant in stage-
wise diagnostic settings. These unresolved challenges motivate
the proposed hybrid CNN–Transformer framework. The proposed
approach integrates multi-path convolutional feature extraction,
channel-wise recalibration, and Transformer-guided global atten-
tion. This combination enables accurate, interpretable, and efficient
multi-stage GC diagnosis.

III. METHODOLOGY
The proposed methodology focuses on developing an accurate and
efficient deep learning-based classification system for early detec-
tion of GC using histopathological images, as shown in Fig. 2. The
dataset consists of Normal, Stage I, and Stage II images. Data
cleaning is performed to remove corrupted andmislabeled samples.
Data augmentation techniques, including rotation, flipping, zoom-
ing, and contrast adjustment, are applied to improve data diversity.
These techniques also address class imbalance, particularly for
underrepresented Stage I cases. For unbiased model evaluation, the
dataset is divided into 80% training and 20% validation subsets.
Transfer learning is applied to refine eight pretrained CNN archi-
tectures, including MobileNetV2, DenseNet121, ResNet50, Incep-
tionV3, VGG16, VGG19, InceptionResNetV2, and
EfficientNetB4. Hyperparameter tuning is performed to optimize
the number of custom dense layers, learning rate, dropout rate, and
optimizer for each model. This process improves classification
performance, particularly for Stage I detection. The models are
evaluated using standard performance metrics such as accuracy,
precision, recall, F1-score, and validation loss to ensure robust and
reliable classification. The best-performing models demonstrate
high sensitivity and strong generalization capability for early-stage

GC detection. The trained models are stored in HDF5 (.h5) format
using Keras. During prediction, input images are preprocessed,
features are extracted, and classification results are generated to
determine cancer presence and stage.

A. DATASET COLLECTION

The experimental evaluation in this study was conducted using a
combination of publicly available GC histopathological datasets and
expert-annotated clinical data. The publicly available datasets used
include GasHisSDB[21] and SEED (Stomach cancer Endoscopic
and histopathological Dataset) [22]. The GasHisSDB dataset pro-
vides H&E-stained gastric histopathology images categorized into
normal and cancerous classes and has been widely adopted for
computer-aided GC diagnosis. The SEED dataset contains curated
GC histopathological images with expert annotations and supports
research on automated GC detection. In this study, histopathological
image subsets from both datasets were utilized to enhance data
diversity and support multi-stage classification. In addition, expert-
annotated gastric histopathological images obtained through clinical
collaboration were used for validation and categorized into Normal,
Stage I carcinoma, and Stage II carcinoma. All images were
anonymized prior to analysis[23]. The main dataset used in this
study was compiled from two publicly available sources, Ga-
sHisSDB and the SEED gastric carcinoma dataset, which provide
pre-extracted histopathological image patches. Since these datasets
do not include patient-level identifiers or slide-level metadata, strict
patient-wise separation cannot be enforced. To prevent data leakage
during training, the dataset was divided using a stratified 80–20 split
before applying augmentation. Data augmentation was applied only
to the training set, ensuring that transformed versions of the same
image did not appear in the validation set.

B. PREPROCESSING and AUGMENTATION

All images were augmented, resized, reshaped, and converted into
NumPy-based pixel arrays to standardize input format. Pixel values
were normalized to ensure consistent intensity ranges and compu-
tational readiness for model training. The dataset comprised 3,500
Normal, 1,800 Stage I, and 1,800 Stage II images. Pixel intensities
were scaled to the [0,1] range (1/255). Eight augmentation tech-
niques—including rotation, width/height shifts, horizontal flip-
ping, shearing, and zooming—were applied to enhance

Table I. Recent deep learning approaches for cancer diagnosis

Ref. Cancer type Model/architecture used Key results Main limitations

[9] Lung cancer MobileNetV2+GRU+Grad-CAM Accuracy >96% CT-based only

[10] Gastric cancer CNN+Human–AI Fusion AUC> 0.97 Expert-dependent

[11] GI diseases CNN Feature Extractor+ SVM Accuracy up to 99% No stage-wise analysis

[12] Gastric cancer Multi-scale CNN+Attention Accuracy >91% Limited global context

[13] Lung cancer Active Shape Model+DNN Improved detection Handcrafted priors

[14] Gastric cancer CNN+ Stain Normalization Improved generalization CNN-only

[15] Multi-cancer MedSAM (ViT-Base) Robust generalization Training data imbalance

[16] Breast Cancer Transfer-learned CNNs Accuracy 82–89% Binary classification

[17] Breast cancer ConvNeXt-based CNN Improved prognostication Not early detection

[18] Gastric cancer CNN+Bayesian Optimization Accuracy ≈ 90% Limited interpretability

[19] Skin cancer DoubleU-Net+CNN AUC up to 94.98% Segmentation-dependent

[20] Gastric cancer Deep Ensemble CNN Accuracy >92% High inference cost
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variability. This process generated an additional 41,646 augmented
images, ensuring stronger generalization across stages. We used
Rotation to mimic variations in slide orientation during imaging,
Width shift and height shift to account for tissue displacement and

variability in slide preparation, Fill operations to handle boundary
effects introduced by shifts and rotations, Random horizontal
flipping to enhance invariance to lateral tissue symmetry, Shearing
transformations to simulate geometric distortions in tissue

Fig. 3. Data augmentation techniques applied to gastric cancer images.

Fig. 2. Workflow illustrating the process for gastric cancer classification.
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structure, and Zooming to replicate variations in magnification
levels. Figure 3 illustrates the data augmentation techniques
applied to gastric cancer histopathological images to improve
dataset diversity and model generalization.

C. HYPERPARAMETER TUNING

To optimize model performance, Bayesian optimization via Keras
Tuner was employed to intelligently search for the most effective
hyperparameter configurations. We created a bespoke HyperModel
class to encapsulate the architecture and configurable parameters
for simplified experimentation and architectural flexibility. The
tuning process comprised 25 trials per model across eight different
model variants, striking a balance between computational feasibil-
ity and comprehensive search coverage. Key hyperparameters
included the number of convolutional layers, varied between 3
and 7, each with 512 filters, allowing the model to learn features
across multiple abstraction levels.

Hyperparameter optimization aims to find the best configuration:

θ� = argmax
θ∈H

AvalðθÞ

where
θ = fL,η,dg represents:

• L: number of convolutional layers

• η: learning rate

• d: dropout rate

Search ranges:

L ∈ f3,4,5,6,7g, η ∈ ½10−4,10−2�, d ∈ ½0.1,0.6�
Figure 4 shows the steps in hyperparameter tuning. Addition-

ally, the learning rate was tuned in the range of 0.0001 to 0.01, and
dropout rates varied from 0.1 to 0.6, guided by prior studies and
initial experimental outcomes. These parameters were critical in
determining the model’s capacity, training efficiency, and its ability
to generalize without overfitting. This approach to hyperparameter
tuning resulted in improved validation accuracy and optimized
overall performance while maintaining computational efficiency.

D. MODELS’ SELECTION

This study assessed the performance of eight different CNN
architectures—DenseNet121, EfficientNetB4, InceptionRes-
NetV2, InceptionV3, MobileNetV2, ResNet50, VGG16, and
VGG19—for the early detection of GC. These models were chosen
because they successfully address medical image analysis difficul-
ties such as tissue texture, computational efficiency, and clinical
deployment scalability [24].

Figure 5 outlines the process of integrating custom layers into
the DenseNet121 architecture following initial training and hy-
perparameter tuning.

E. ENHANCED HYBRID DENSENET121-BASED
FRAMEWORK WITH MPCNN-TAO AND SE
MODULES

The proposed framework is built on DenseNet121, selected for its
dense connectivity and efficient feature reuse and enhanced with
three major modules to better capture complex multi-scale patterns
in gastric histopathology images. The introduction of multi-path
convolution blocks improved feature representation by enabling

the model to capture morphological structures at multiple spatial
scales. Incorporating SE blocks further enhanced feature discrimi-
nation by adaptively recalibrating channel importance. The addi-
tion of transformer-based attention allowed the model to capture
long-range spatial relationships within tissue structures that are
difficult for CNNs alone to model.

First, a Multi-Path Feature Extraction block employs parallel
1 × 1, 3 × 3, and 5 × 5 convolutions to simultaneously capture fine-
grained cellular textures, mid-level glandular structures, and broad
contextual tissue patterns, whose outputs are concatenated to form
a rich feature embedding. Second, SE blocks are introduced after
each multi-path unit to perform channel-wise attention through
global average pooling (squeeze), two fully connected layers with
Rectified Linear Unit (ReLU) and sigmoid activations (excitation),
and adaptive channel-wise reweighting (scale), thereby

Fig. 4. Hyperparameter tuning.
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emphasizing diagnostically important channels linked to malig-
nancy. Third, a Transformer-inspired Multi-Head Self-Attention
module (MPCNN-TAO) is integrated to model long-range spatial
dependencies that CNNs alone cannot capture; this hybrid block
synergistically combines convolutional locality, global reasoning,
and multi-scale pattern detection for improved sensitivity to subtle
early-stage (Stage I) morphological variations[25]. Training fol-
lows a transfer learning strategy where DenseNet121 is initialized
with ImageNet weights and newly added hybrid layers are trained
from scratch using weighted categorical cross-entropy, Adam/
RMSprop optimizers with tuned learning rates, dropout, early
stopping, and learning-rate decay. During deployment, input
images are preprocessed and sequentially passed through the
DenseNet121 backbone, Multi-Path block, SE recalibration, and
MPCNN-TAO module, with final class predictions (Normal, Stage
I, and Stage II) generated using a softmax classifier, and the
complete model exported in HDF5 (.h5) format for seamless
clinical integration.

Multi-Path+ SE Feature Extraction is given by

F = ½W1×1 � XkW3×3 � XkW5×5 � X� · σ, ðW2δðW1GAPðFÞÞÞ
where W1×1,W3×3,W5×5 are convolutional kernels for multi-scale
feature extraction. GAP is the global average pooling (squeeze).
δð·Þ and σð·Þ are ReLU and sigmoid activations, respectively.
W1,W2 are fully connected layers for SE excitation

This equation models multi-path convolution followed by
channel recalibration to emphasize discriminative tissue patterns.

Hybrid Convolution–Attention Fusion (MPCNN-TAO) can
be represented as

H = αFþ ð1 − αÞ
����
H

h=1
softmax,

�
QhK

T
hffiffiffiffiffi

dk
p

�
Vh

where Qh,Kh,Vh are query, key, and value projections for head h,
respectively, and dk is the attention scaling factor α is the fusion
weight This formulation combines convolutional locality with
global self-attention to capture long-range spatial dependencies
in histopathological structures.

Softmax classification is given as

ŷk =
ew

T
kGAPðHÞþbkP

3
j=1 e

wT
j GAPðHÞþbj

where wk,bk are classifier weights and biases, and ŷk is the
probability of class k (Normal, Stage I, Stage II).

This equation generates the final diagnostic class probabilities
using a softmax decision layer.

F. HYBRID DENSENET–TRANSFORMER
FRAMEWORK WITH STAIN NORMALIZATION AND
FOCAL LOSS

The proposed methodology employs a Hybrid DenseNet121–
Transformer architecture for multi-stage GC classification from
H&E-stained histopathological images. To address staining vari-
ability, Macenko stain normalization is applied to all the images,
ensuring consistent color distribution across slides. Macenko stain
normalization reduced color variability across histopathology
slides, improving model robustness across heterogeneous datasets.
The focal loss improved learning from difficult samples and
mitigated the class imbalance present in Stage II images. Misclas-
sification between Stage I and Stage II cases may occur due to the
subtle morphological differences and overlapping histopatholog-
ical characteristics between early and intermediate stages of gastric
carcinoma. This challenge is consistent with observations reported
in clinical pathology studies.

DenseNet121 pretrained on ImageNet serves as the feature
extractor, generating convolutional feature maps that capture local
morphological details. These feature maps are tokenized through a
1 × 1 convolution and reshaped into sequences enriched with
positional encodings. The token sequence is processed by light-
weight Transformer encoder blocks that consist of multi-head self-
attention, pre-layer normalization, Gaussian Error Linear Unit
(GELU)-activated feed-forward networks, and residual shortcuts
to model long-range dependencies in tissue architecture. CNN and
Transformer features are concatenated and passed through a multi-
layer classification head (Dense-BN-Dropout units), ending with a
softmax layer for three-class prediction.

Training follows a two-phase strategy: (i) the DenseNet back-
bone is frozen, while the Transformer and classification head are
trained using categorical cross-entropy with label smoothing; and (ii)
the final 60 layers of DenseNet121 are unfrozen for fine-tuning using
focal loss (γ= 2.0) to improve sensitivity for underrepresented Stage
II carcinoma. Adam optimizer, class weighting, dropout regulariza-
tion, early stopping, and learning rate decay are used to ensure stable
convergence and mitigate overfitting.

CNN feature maps are projected and converted into Trans-
former tokens:

T = PEðreshapeðW1×1 � DenseNet121ðXÞÞÞ
where X: is the input histopathology image. DenseNet121ðXÞ is
convolutional feature maps extracted by DenseNet121.W1×1: 1 × 1

Fig. 5. DenseNet121 with custom layers.
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is the convolution used for token projection. � is the convolution
operator. reshapeð·Þ: converts spatial CNN maps into a token
sequence. PEð·Þ is the positional encoding added to tokens. T is
the transformer-ready input sequence.

Multi-Head Self-Attention captures global spatial dependen-
cies in the token sequence,

MHSAðTÞ =
����
H

h=1
softmax

�
QhK

T
hffiffiffiffiffi

dk
p

�
Vh

whereH is the number of attention heads.Qh,Kh,Vh are query, key,
and value projections for head h, respectively. QhK

T
h is the

similarity matrix between tokens.
ffiffiffiffiffi
dk

p
is the scaling factor for

numerical stability. softmaxð·Þ is the normalization over token
scores. Vh is the value vectors weighted by attention. k is the
concatenation across all heads. MHSAðTÞ is the output of the
attention block.

CNN and Transformer features are fused and classified using a
softmax layer,

ŷk =
ew

T
k ½GAPðFcnnÞkMHSAðTÞ�þbkP

3
j=1 e

wT
j ½GAPðFcnnÞkMHSAðTÞ�þbj

where Fcnn is DenseNet121 convolutional features, GAPð·Þ is the
global average pooling of CNN features, k is the feature-level
concatenation of CNN and transformer outputs, wk,bk are softmax
classifier weights and biases for class k, and ŷk is the predicted
probability for class k∈ {Normal, Stage I, Stage II}. Denominator
ensures probabilities sum to 1.

IV. RESULT AND DISCUSSION
A symmetric dataset containing Normal, Stage I, and Stage II
gastric histopathology images was used to evaluate multiple CNN
architectures—including DenseNet121, MobileNetV2, Incep-
tionV3, InceptionResNetV2, ResNet50, VGG16/19, and

EfficientNetB4—to identify the best model for early GC detection.
Initial experiments confirmed that CNN-based methods substan-
tially improve diagnostic accuracy while reducing the time and
manual workload associated with traditional pathology. Bayesian
optimization was employed to determine optimal hyperparameter
ranges, followed by K-fold cross-validation to ensure robust model
generalization. Each architecture was fine-tuned to strengthen its
ability to distinguish normal tissue from early and progressive
carcinoma. DenseNet121 achieved strong performance with three
custom dense layers, learning rate of 0.0002, and dropout rate of
0.4 using the RMSprop optimizer. MobileNetV2, due to its light-
weight design, required careful dense-layer tuning and a dropout
rate of 0.3, with Stochastic Gradient Descent (SGD) (learning rate ≈
0.0036) yielding a favorable balance between accuracy and effi-
ciency on the limited dataset. The optimal hyperparameter settings
used for selecting the best-performing CNNmodel are summarized
in Table II.

Table III consolidates the validation performance of various
CNN models tested for early-stage GC detection, highlighting
notable differences in classification accuracy and overall model
effectiveness. MobileNetV2 achieved the highest accuracy of
85.9%, making it a strong candidate for practical deployment
due to its lightweight architecture and computational efficiency.
Closely following was DenseNet121, with an accuracy of 85.8%,
demonstrating its strength in extracting intricate histopathological
patterns through its densely connected layers.

The confusion matrix shows model accuracy, sensitivity, and
specificity by demonstrating how well each class is predicted.
Figure 4 displays the confusion matrices for all eight CNN
models, comparing initial results with those achieved after
fine-tuning. Darker-colored cells indicate stronger correct classi-
fication, providing an intuitive visualization of each model’s
ability to differentiate between the histopathological stages.
Figure 6 shows the confusion matrices of all eight fine-tuned
CNN models. DenseNet121 and MobileNetV2 demonstrated the

Table III. Validation metrics for CNN models in tumor classification

Model\metrics Accuracy Precision Recall F1-score Log loss

DenseNet121 0.8582 0.8649 0.8582 0.8562 0.3193

EfficientNetB4 0.7580 0.6335 0.7580 0.6780 0.6808

InceptionV3 0.8096 0.8150 0.8096 0.8094 0.3427

InceptionResNetV2 0.8039 0.7998 0.8039 0.8101 0.3564

MobileNetV2 0.8592 0.8589 0.8592 0.8590 0.2936

ResNet50 0.8145 0.8147 0.8145 0.8141 0.3496

VGG16 0.8062 0.8075 0.8062 0.8040 0.3053

VGG19 0.7970 0.8034 0.7970 0.7850 0.3425

Table II. Optimal hyperparameter settings for selecting the best CNN models

Model/best parameter No. of custom layers Learning rate Dropout rate Optimizer

DenseNet121 5 0.0002 0.4 RMSprop

EfficientNetB4 7 0.0018 0.4 Adam

InceptionV3 5 0.0020 0.1 RMSprop

InceptionResNetV2 4 0.0001 0.4 RMSprop

MobileNetV2 4 0.0036 0.3 Sgd

ResNet50 4 0.0001 0.1 Adam

VGG16 5 0.0016 0.1 RMSprop

VGG19 3 0.0004 0.1 RMSprop
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strongest overall performance, achieving perfect accuracy for the
Normal class and exceptionally high recall for Stage I, making
them promising candidates for early detection and real-time
applications. However, both models—along with InceptionRes-
NetV2 and InceptionV3—struggled to correctly classify Stage II
cases, often mislabeling them as Stage I. InceptionV3 showed
substantial improvement in Stage I recall after fine-tuning but
sacrificed Stage II accuracy. ResNet50 showed moderate and
balanced gains, while VGG16 showed no improvement. VGG19
exhibited extreme class bias, predicting nearly all samples as
Stage I, rendering it clinically unusable. Overall, the results
indicate that while CNNs are highly effective for early GC
identification, reliable Stage II detection requires improved
fine-tuning strategies, balanced datasets, and stronger bias-miti-
gation techniques to ensure clinically trustworthy performance
across all cancer stages.

Figure 7 presents the receiver operating characteristic (ROC)
curves for the fine-tuned CNN models, illustrating the trade-off
between the true positive rate (TPR) and false positive rate (FPR)
across varying classification thresholds.

All models show AUC > 0.98 for Stage I, confirming high
sensitivity in detecting early-stage cancer. The study shows that
pretrained and custom CNN models, DenseNet121 and Incep-
tionV3, demonstrate near-perfect classification for Normal and
Stage I cases, making them well-suited candidates for GC diag-
nostic systems. MobileNetV2, being a lightweight model, with
high accuracy, makes it a suitable choice for mobile application
design for early-stage detection of GC.

The enhanced DenseNet121 architecture, augmented along
with Multi-Path Convolutional blocks, SE layers, and a Trans-
former Attention module (MPCNN-TAO), achieved the strongest
overall performance. Across experiments, DenseNet121 recorded
an accuracy of 89.82%, precision of 87.49%, recall of 89.82%, and
an F1-score of 85.62%, supported by a low log loss of 0.3193.
Bayesian hyperparameter optimization with 8-fold cross-validation
yielded optimal settings (five dense layers, learning rate 0.0002,
dropout 0.4, and RMSprop optimizer), resulting in stable conver-
gence and significant gains in Stage I detection. The confusion
matrices for the initial and fine-tuned MPCNN models are pre-
sented in Fig. 8. Figure 9 presents the performance evaluation of

Fig. 6. Confusion matrix for the testing of eight fine-tuned CNNmodels: (a) DenseNet121, (b) EfficientNetB4, (c) InceptionResNetV2, (d) InceptionV3,
(e) MobileNetV2, (f) ResNet50, (g) VGG16, and (h) VGG19.
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the MPCNN model in terms of (a) ROC–AUC characteristics and
(b) training and validation loss.

Training and validation curves indicated that DenseNet121 and
MobileNetV2 generalized well, whereas heavier architectures like

EfficientNetB4 and VGG19 exhibited overfitting. Confusion matri-
ces further confirmed DenseNet121’s superior recall for Normal and
Stage I tissues, although Stage II misclassification persisted due to
overlappingmorphological features. Importantly, theMPCNN-TAO

Fig. 7. ROC–AUC curves depicting the classification performance of fine-tuned CNN models for gastric cancer classification: (a) DenseNet121,
(b) EfficientNetB4, (c) InceptionResNetV2, (d) InceptionV3, (e) MobileNetV2, (f) ResNet50, (g) VGG16, and (h) VGG19.
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module improved the capture of global context, enabling better
discrimination of subtle and ambiguous tissue regions. Grad-CAM
visualization highlighted that the enhanced model consistently
focused on diagnostically relevant morphological structures, sup-
porting interpretability and clinical trustworthiness.

Overall, the proposed DenseNet121-MPCNN-TAO-SE
framework achieved the best balance of accuracy, robustness,
and interpretability, making it a strong candidate for deployment
in early GC screening and assisting pathologists in real-world
diagnostic workflows. The comparative performance analysis of
the proposed hybrid CNN model with existing approaches is
presented in Table IV.

The proposed Hybrid DenseNet121–Transformer model,
enhanced with Macenko stain normalization and focal loss,
achieved a test accuracy of 90.2%, outperforming all CNN-only
baselines. Class-wise performance was strong across all categories:
Normal (98.0% accuracy, F1= 97.7%), Stage I (89.0% accuracy,
F1= 89.9%), and Stage II (86.0% accuracy, F1= 86.6%). The
framework achieved a macro F1-score of 91.4% and a macro-

averaged AUC value of 0.985, indicating excellent discriminative
ability. The confusion matrix showed minimal misclassification of
Normal samples, with most errors occurring between Stage I and
Stage II—consistent with their close histological similarity. ROC
curves confirmed strong per-class discrimination, with AUC values
of 0.981 (Normal), 0.983 (Stage I), and 0.988 (Stage II). The
confusion matrix and ROC analysis for the proposed DenseNet121
+Transformer model are illustrated in Fig. 10.

Comparative evaluation demonstrated that the hybrid CNN–
Transformer design performed significantly better than VGG16,
ResNet50, and standalone DenseNet121 models, particularly in
Stage II recall. Focal loss and stain normalization contributed to
improved robustness and reduced class imbalance effects. Overall,
the results verify that combining local CNN features with global
Transformer attention yields a more accurate and reliable model for
multi-stage GC classification.

Model performance metrics were computed across validation
experiments to ensure stable performance estimates. Although the
proposed hybrid models consistently outperformed baseline CNN

Fig. 8. Confusion matrix for initial and fine-tuned MP CNN models.

Fig. 9. MPCNN: (a) model ROC–AUC and (b) model loss.
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architectures, future work will incorporate formal statistical signif-
icance testing, such as confidence interval estimation and paired
statistical tests across folds, to further validate the observed
improvements.

Although the dataset used in this study integrates histopatho-
logical images from multiple independent sources, including
GasHisSDB, SEED, and expert-annotated slides, evaluation was
limited to internal validation. The heterogeneous nature of the
dataset introduces variability in staining patterns, acquisition con-
ditions, and tissue morphology, which partially improves the
generalizability of the proposed models. However, external vali-
dation on completely independent clinical datasets from different
institutions would further strengthen the clinical reliability of the
framework. Future work will focus on cross-institutional validation
and cross-dataset generalization experiments.

The proposed hybrid CNN–Transformer architecture introduces
additional computational complexity compared to standalone CNN
models due to the integration of multi-path convolution, SE blocks,
and Transformer attention mechanisms. Training was conducted
using Graphics Processing Unit (GPU) acceleration to efficiently
handle the increased parameter space and attention computations.
Despite this complexity, the framework remains feasible for modern
clinical environments where GPU-based systems are increasingly
available for medical image analysis. For resource-constrained or
edge deployment scenarios, lightweight architectures such as Mo-
bileNetV2 may offer a practical alternative due to their lower

computational requirements. Future work will explore model opti-
mization techniques such as pruning, quantization, and knowledge
distillation to improve deployment efficiency.

A. COMPARATIVE DISCUSSION WITH RELATED
WORKS

The experimental results demonstrate that the proposed Hybrid
DenseNet121–MPCNN-TAO-SE and Hybrid DenseNet121–
Transformer frameworks significantly outperform conventional
deep learning models for GC histopathological classification.
Earlier studies predominantly employed single-path CNN archi-
tectures such as VGG16/19, ResNet50, and InceptionV3, reporting
accuracies between 78% and 85% but exhibiting limited capability
to capture global tissue context and subtle inter-stage variations.

The DenseNet121–MPCNN-TAO-SE model addresses these
limitations through multi-scale convolutional learning and adaptive
channel recalibration. This approach improves sensitivity for early-
stage detection. However, some misclassification of Stage II cases
still persists. This limitation arises from the locality constraints of
convolution-based attention mechanisms. In contrast, the Hybrid
DenseNet121–Transformer model captures long-range spatial
dependencies using multi-head self-attention. This enables more
effective discrimination between Stage I and Stage II carcinoma. It
achieves this by modeling global tissue-level relationships that are
not captured by CNN-only or MPCNN-based architectures.

Fig. 10. Confusion matrix and ROC for DenseNet121+ Transformer model.

Table IV. Comparison of the hybrid CNN model performance

Model Accuracy Precision Recall F1-score Loss/log loss

Enhanced DenseNet121+MPCNN-TAO 0.8982 0.8749 0.8982 0.8562 0.3193

Hybrid DenseNet121+ Transformer 0.9020 0.915 0.908 0.914 0.3122

DenseNet121 (fine-tuned) 0.8582 0.8649 0.8582 0.8562 0.3193

MobileNetV2 0.8592 0.8589 0.8592 0.8590 0.2936

InceptionV3 0.8096 0.8150 0.8096 0.8094 0.3427

InceptionResNetV2 0.8039 0.7998 0.8039 0.8101 0.3564

ResNet50 0.8145 0.8147 0.8145 0.8141 0.3496

VGG16 0.8062 0.8075 0.8062 0.8040 0.3053

VGG19 0.7970 0.8034 0.7970 0.7850 0.3425

EfficientNetB4 0.7580 0.6335 0.7580 0.6780 0.6808
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Previous hybrid approaches, such as CNN–RNN and atten-
tion-based frameworks proposed by Iizuka et al. [24], achieve
ROC–AUC values close to 0.95. However, these methods require
large datasets and high computational cost. The proposed Trans-
former-based hybrid model achieves an ROC–AUC approaching
0.98 with lower computational complexity. Both proposed hybrid
models also outperform EfficientNetB4 and MobileNetV2. These
baseline models show underfitting when applied to complex
histopathological patterns. Furthermore, Grad-CAM visualizations
demonstrate improved alignment with diagnostically relevant glan-
dular regions, consistent with interpretability findings reported by
Song et al. [8]. Cross-dataset evaluation on GasHisSDB and SEED
confirms superior generalization of the Transformer-based hybrid,
reflecting the effectiveness of stain normalization and optimized
training strategies.

Overall, the DenseNet121–MPCNN-TAO-SE framework pro-
vides strong multi-scale feature learning. However, it shows limita-
tions in handling Stage II misclassification. In contrast, the Hybrid
DenseNet121–Transformer model provides a more robust solution.
It reduces Stage II misclassification by leveraging global self-atten-
tion. This approach improves the model’s ability to capture long-
range tissue relationships. As a result, the proposed hybrid model
achieves a better balance of accuracy, interpretability, and generali-
zation. This makes it more suitable for clinical GC diagnosis.

V. CONCLUSION
This study shows that advanced deep learning architectures, par-
ticularly DenseNet121-based models, substantially increase early
prediction accuracy and dependability for GC detection. Fine-
tuned CNNs such as DenseNet121 and MobileNetV2 achieved
excellent recall for Stage I carcinoma and perfect Normal-class
accuracy, making them highly suitable for early screening. How-
ever, all standard CNNs struggled with Stage II discrimination due
to subtle histological overlap. To overcome this, two enhanced
hybrid models were introduced. The DenseNet121–MPCNN-
TAO–SE framework improved multi-scale feature learning and
global contextual understanding, while the Hybrid DenseNet121–
Transformer model—with stain normalization and focal loss—
achieved 90.2% accuracy, a macro F1-score of 91.4%, and an AUC
of 0.985, outperforming all CNN-only baselines. Both hybrids
reduced Stage I–Stage II confusion and provided better interpret-
ability through attention maps. Overall, combining CNN features
with SE, multi-path convolution, and Transformer attention offers a
powerful and clinically promising solution for early GC diagnosis,
although balanced datasets and careful fine-tuning remain essential
for robust performance.
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