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Abstract—Gastric cancer is one of the leading causes of cancer-
related deaths worldwide and is often diagnosed at advanced
stages. Histopathological analysis is essential for diagnosis but
heavily relies on the specialist’s expertise and is prone to human
error. This study presents the development of a model based on
Convolutional Neural Networks (CNNs) for identifying gastric
cancer in histopathological images. The approach incorporates
transfer learning, data augmentation, cross-validation, and an
ensemble combining ResNet101, MobileNet, and EfficientNetB3.
The model achieved an accuracy of 95.09% and a Kappa score
of 89.72%. The results highlight the model’s strong potential for
practical application in supporting medical diagnosis.

I. INTRODUCTION

Cancer is characterized by uncontrolled cell growth, form-
ing malignant tumors that can invade nearby tissues and
spread throughout the body [1]. Gastric cancer is one of the
most prevalent types worldwide and is associated with high
mortality, mainly because it usually shows no early symptoms,
making diagnosis challenging [2], [3]. However, survival rates
increase significantly when the disease is detected in its early
stages [4], highlighting the importance of early and accurate
diagnosis.

Recent advances in Computer-Aided Diagnosis (CAD) sys-
tems, particularly those using Convolutional Neural Networks
(CNNs), have shown promising results in gastric cancer detec-
tion. These models can process large volumes of histopatho-
logical images efficiently, reducing subjectivity in exam inter-
pretation and supporting medical decision-making [5].

In this work, we propose a CNN-based approach for classi-
fying histopathological images of gastric tissue into healthy
and cancerous samples. Figure 1 illustrates representative
examples.
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Fig. 1. Example of gastric histopathological images. (a) non-cancerous and
(b) cancerous.

The remainder of this paper is organized as follows: Section
2 reviews related work on Al-based histopathological anal-
ysis. Section 3 details the proposed methodology, including
datasets, preprocessing steps, and evaluation metrics. Section
4 presents the experimental results, and Section 5 concludes
with final remarks and future directions.

II. RELATED WORK

In recent decades, significant advances have been achieved
in the identification of gastric cancer in histopathological
images through deep learning. Several approaches have been
proposed, ranging from classical neural network models to
more sophisticated methods.

Sharma et al. [6] employed CNNs and data augmentation
to overcome the limitation of a small image dataset, achieving
96.82% accuracy with an adaptation of AlexNet.

Li et al. [7] proposed GastricNet, a customized deep learn-
ing architecture that reached 97.93% accuracy, outperforming
well-known models such as AlexNet and ResNet-50.

Hu et al. [8] introduced the GasHisSDB dataset and demon-
strated that CNNs such as VGG16 and ResNet50 (with ac-
curacy around 96%) outperformed classical machine learning
approaches and the Vision Transformer (ViT) model in the
classification of the dataset images.

Yong et al. [9], using the same GasHisSDB dataset, com-
bined transfer learning with an ensemble of CNNs. This
approach achieved 99.20% accuracy, the best performance
among the evaluated models, highlighting the potential of
ensembles.

The reviewed studies demonstrate substantial progress in
the application of deep learning techniques for gastric cancer
detection, as well as the initial adoption of ensemble-based
approaches aimed at improving the effectiveness of the meth-
ods. Despite these advances, challenges remain, particularly
regarding the need for large annotated datasets and the diffi-
culty of ensuring model generalization.

III. METHODOLOGY

In this study, we aimed to identify gastric cancer in
histopathological slides using Python with the Keras and
TensorFlow libraries. We describe the proposed model, the
image dataset, the preprocessing and data augmentation tech-



niques, the neural networks employed, the validation set, the
classification ensemble, and the evaluation metrics used to
assess the effectiveness of the method.

A. Proposed Approach

We applied preprocessing and data augmentation tech-
niques, such as rotations and flips, to standardize and expand
the image dataset, thereby improving the model’s generaliza-
tion capability. The training was performed using five-fold
cross-validation and shallow fine-tuning of pretrained models,
with 65 epochs and predefined batch sizes. Several CNN
architectures widely recognized in medical image analysis
(MobileNet, ResNet50, MobileNetV2, ResNetl01, VGGI19,
DenseNet121, and EfficientNetB3) were evaluated and adapted
for detecting patterns in histopathological images related to
gastric cancer identification.

From the five best-performing architectures, we constructed
ensembles by combining them in groups of three, which
resulted in a total of ten majority-voting committees. This
strategy enhanced the robustness and accuracy of automated
classification by leveraging complementary strengths of differ-
ent CNNs. Finally, the ensembles were evaluated on different
image sets, demonstrating both effectiveness and adaptability
to new clinical scenarios.
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Fig. 2. Model Refinement and Training.

B. Image Dataset

The dataset used in this study, GasHisSDB, was developed
through a collaboration between Longhua Hospital of Shang-
hai University of Traditional Chinese Medicine, Northeastern
University, and Liaoning Cancer Hospital and Institute [8].
It contains 245,196 patches extracted from 600 whole-slide
images (WSIs) with resolutions of 80x80, 120x120, and
160x160 pixels, divided into normal (148,120) and abnormal
(97,076) samples.

In this work, we used only the 160x160 resolution, totaling
33,284 images (13,124 abnormal and 20,160 normal), balanc-
ing diagnostic relevance with computational feasibility. The
use of other resolutions will be explored in future work.

C. Image Preprocessing and Data Augmentation

Since most models adopt the standard input size of 224x224
pixels, all images were resized to this dimension to ensure

compatibility across training, validation, and testing.

Although the dataset contains a large number of samples,
data augmentation is essential to increase variability and
reduce the risk of overfitting [10]; [11]. The applied trans-
formations included 20% zoom variation, horizontal flip, 20°
rotation, horizontal/vertical shift up to 20%, shear transforma-
tion, and pixel filling.

These augmentations were applied only to the training and
validation sets, preserving the integrity of the test set for model
evaluation.

D. Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are deep learning
models designed to process images by extracting spatial fea-
tures and identifying relevant patterns. They are widely applied
in medical imaging, supporting diagnostic tasks [12].

In this study, we evaluated seven ImageNet-pretrained
architectures [13]: MobileNet, ResNet50, MobileNetV2,
ResNet101, VGG19, DenseNet121, and EfficientNetB3, all
known for their strong performance in image classification
benchmarks [14].

E. Transfer Learning and Cross-Validation

Transfer learning accelerates training by reusing prior
knowledge, such as features learned from ImageNet [12]. We
applied Shallow Fine-Tuning, adjusting only the final layers
while keeping earlier convolutional layers frozen. This ap-
proach improves efficiency, reduces the need for large datasets,
and enhances generalization [15].

Robustness was ensured through stratified 5-fold cross-
validation [16]. At each iteration, 20% of the samples formed
the test set, while the remaining 80% were divided into training
(64%) and validation (16%). This strategy maintained class
balance and enabled reliable evaluation of generalization on
unseen data.

F. Ensemble

The ensemble strategy combines multiple CNNs to im-
prove system performance by leveraging their complementary
strengths. In this study, committees were formed by grouping
three CNNs selected among the five best-performing architec-
tures in the individual evaluation stage. The final prediction
was obtained through majority voting, where each network
casts a vote and the class with the highest count is chosen as
output [16].

This approach mitigates the risk of relying on a single
model, as the final decision integrates the diverse perspectives
of different networks. By capturing distinct image features, the
ensemble enhances accuracy, stability, and reliability, which is
particularly relevant in medical image analysis tasks such as
gastric cancer detection.

G. Evaluation Metrics

In this study, model performance was assessed using the
confusion matrix, which summarizes correct and incorrect



classifications through true positives (TP), false positives (FP),
true negatives (TN), and false negatives (FN) [17].

From these values, five metrics were computed: Accuracy
(overall correctness), Precision (proportion of correctly identi-
fied positives), Recall (ability to retrieve all positive cases), and
F1-Score (harmonic mean of Precision and Recall, indicating
their balance).

The Kappa Index was also employed to measure the agree-
ment between predictions and ground truth, accounting for
chance agreement. It is defined as:

k=122 100 (1)

where p, is the observed accuracy and p. the expected
accuracy by chance [17]. Values above 80% indicate strong
agreement, 60-80% substantial, and below 40% weak.

IV. RESULTS

In this section, the results obtained from the experiments
with the proposed method on the selected dataset are pre-
sented. The experiments were carried out using data augmen-
tation techniques, pretrained models, and the Shallow Fine-
Tuning strategy, which allowed the networks to be adapted to
the specific characteristics of the dataset.

Table I shows the performance metrics of the neural net-
works evaluated individually. ResNet101 stood out with the
highest Kappa index (86.50+£0.72%), indicating balanced per-
formance across metrics, with high accuracy (93.82+0.34%)
and recall (96.62+0.25%). DenseNetl121 also achieved com-
petitive results, with a recall value similar to ResNetl0l1,
although its other metrics were slightly lower. MobileNet

TABLE I
EVALUATION RESULTS OF CNNS (MEAN + STANDARD DEVIATION IN %)

Modelo A(%) P(%) R(%) F1-Score(%) K(%)

ResNet101 93,82 4 0,34 9341 £ 041 96,62 £ 0,25 94,99 + 0,27 86,50 £ 0,72
MobileNet 93,06 £ 0,38 94,52 + 0,49 93,99 £ 0,90 94,25 + 0,34 8549 + 0,77
DenseNet121 92,17 £ 0,42 91,03 £ 043 96,60 £ 0,27 93,73 £ 0,33 83,34 + 0,90
ResNet50 91,35 £ 0,54 88,82 & 0,79 98,07 £ 0,26 93,21 £ 0,40 81,36 + 1,22
EfficientNetB3 91,12 £ 041 93,78 £ 0,85 91,42 £ 1,22 92,57 £ 0,39 81,24 &+ 081
VGG19 90,33 £ 0,49 92,23 £ 047 91,78 £ 0,67 92,00 £ 0,42 79,79 + 1,02
MobileNetV2 89,08 £ 0,83 93,31 &£ 0,58 88,30 + 1,18 90,73 £ 0,74 7746 + 1,67

achieved the highest precision (94.52+0.49%) among the
models, with overall consistent performance. ResNet50 ob-
tained the highest absolute recall (98.07+0.26%), which is
particularly useful in scenarios prioritizing the complete de-
tection of positive cases; however, it showed lower precision
(88.82+0.79%), indicating a higher number of false positives.

EfficientNetB3 demonstrated solid performance, with a
Kappa value above the excellence threshold (81.24+0.81%)
and well-balanced metrics. Finally, VGG19 and MobileNetV2
presented lower performance, with the smallest Kappa indices.

Overall, deeper models such as ResNetl0l and
DenseNetl121 tended to provide a better balance across
metrics, whereas lighter architectures, such as MobileNetV2,
although computationally efficient, exhibited lower accuracy
and weaker agreement with the ground truth.

To assess the effectiveness of the ensemble strategy and the
impact of its compositions, ten combinations were generated

from the five best individual models (ResNet101, MobileNet,
DenseNet121, ResNet50, and EfficientNetB3), three of which
are reported in Table II. This analysis highlighted the impor-
tance of variability in committee composition for the final
performance.

TABLE I
PERFORMANCE COMPARISON OF DIFFERENT ENSEMBLES (MEAN *
STANDARD DEVIATION IN %).

Comité A(%) P(%) R(%)

95,09 + 0,10 93,83 £ 0,10 93,70 + 0,10
9491 £ 0,21 94,93 + 0,21 94,91 £ 0,21
93.82 + 0.22 93,92 £ 0.21 93.82 + 0,22

Committee 1 (ResNet101, MobileNet, and EfficientNetB3)
achieved the best overall performance, with an accuracy of
95.0940.10% and a Kappa index of 89.72+0.20%. Inter-
estingly, this combination did not include DenseNetl21 or
ResNet50, which were among the models with the highest in-
dividual metrics, indicating that diversity and complementarity
among CNNs can be more decisive than isolated performance.

Committee 2 (ResNet101, MobileNet, and DenseNetl121)
outperformed Committee 1 in Precision (94.93+0.21% vs.
93.83+0.10%), Recall (94.91+0.21% vs. 93.70+0.10%), and
F1-Score (94.89+0.21% vs. 93.77+0.10%), suggesting that the
choice of the most suitable model may depend on application-
specific priorities. In contexts requiring greater emphasis on
positive case detection (Recall) or on reducing false positives
(Precision), Committee 2 may be more appropriate. Despite
presenting a slightly lower Kappa index than Committee
1 (89.27% vs. 89.72%), its overall performance remained
consistently high. In contrast, Committee 3 (DenseNetl21,
ResNet50, and EfficientNetB3) showed the lowest Kappa
among the highlighted ensembles (86.87+0.49%). However,
it is noteworthy that the Kappa of Committee 3 still sur-
passed that of ResNet101 (86.50%), which had been the best-
performing individual model.

Overall, all evaluated committees achieved a Kappa index
above 86% and other metrics (Accuracy, Precision, Recall,
and F1-Score) exceeding 90%. These results reinforce that
the ensemble technique consistently provides superior per-
formance compared to individual models, helping to reduce
variability across runs and promoting greater stability and
reliability in diagnosis. Careful selection of ensemble com-
ponents, considering their variability and complementarity, is
therefore essential to optimize outcomes.

To illustrate the performance differences between Com-
mittee 1 and the three CNNs that compose it (ResNetl01,
MobileNet, and EfficientNetB3), Figure 3 presents a radar
chart.

In this representation, the ensemble curve (red) appears as
the outermost along the Accuracy axis, particularly in the
Kappa index, which measures agreement beyond chance. This
highlights the ensemble’s ability to balance true positives
and negatives. In contrast, Recall, F1-Score, and Precision
are slightly lower than those of individual models such as
ResNet101 (blue) and MobileNet (green), which reach higher
peaks. Still, the ensemble sustains consistently high and well-
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Fig. 3. Comparison of performance between the Ensemble model and its
individual components.

distributed performance, supporting its adoption as the pre-
ferred strategy.

Figure 4 presents the training and validation accuracy
and loss curves, showing effective learning without signs of
overfitting. The similarity between the curves indicates good
generalization to unseen data, supported by the use of data
augmentation and shallow fine-tuning.
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Fig. 4. Training and validation accuracy and loss curves for MobileNet,
ResNet101, and EfficientNetB3.

The analysis of both individual models and ensembles, sup-
ported by training validation and result visualization, confirms
the effectiveness of the proposed approach for gastric cancer
classification. The best ensemble achieved 95.09% accuracy,
surpassing all single models. In clinical contexts prioritizing
Recall, Committee 2 proved superior (Recall: 94.91+0.21%,
Precision: 94.93+0.21%, F1-Score: 94.89+0.21%). Thus, en-
semble selection should align with specific clinical goals.

Although Yong et al. [9] reported higher accuracy (99.20%),
differences in backbone models and fine-tuning strategies
likely explain the gap. Still, the proposed method, combining
shallow fine-tuning and dynamic ensembles, demonstrates
robustness and clinical potential.

V. CONCLUSION

In this study, we proposed a CNN-based method with trans-
fer learning and Shallow Fine Tuning for gastric cancer classi-
fication in histopathological images. The experimental results

showed that the ensemble approach outperformed individual
models, providing more stable and balanced performance. As
future work, we plan to explore Deep Fine Tuning and expand
the dataset to further improve accuracy and generalization.
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