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Abstract—Diagnosing gastric cancer still depends, for the most
part, on a pathologist looking at stained tissue slides under
a microscope. The disease kills roughly 660,000 people every
year, and although early detection makes a real difference to
survival, manual slide reading is slow and two experts examining
the same slide do not always agree. In this work we built a
system that tries to ease that burden. We trained a hybrid deep
learning model on the Gastric Cancer Histopathology Tissue
Image Dataset (GCHTID), pairing a Swin Transformer, which is
good at picking up the broad structural layout of a tissue patch,
with a ConvNeXt network, which captures the fine local textures
where early malignant changes tend to hide. Every image first
passes through a simple preprocessing chain of median filtering
and CLAHE contrast enhancement, a combination we settled on
after comparing several denoising and enhancement options. The
ensemble sorts each patch into one of eight classes: tumor tissue
(TUM) plus seven benign types—adipose, debris, lymphocytes,
mucus, smooth muscle, normal mucosa, and stroma. On held-
out data it reached 75.35% test accuracy (88.76% training,
76.99% best validation), beating the single-model baselines we
tried, including ViT and EfficientNet-B3. To make the model
usable outside a notebook, we wrapped it in a Flask REST API
and a small web interface where a user can upload a slide image,
see the prediction and its confidence, download a PDF report,
and look back through past results. The system is a research
prototype rather than a clinical tool, but the results suggest that
combining transformer and convolutional features is a workable
direction for computer-assisted pathology.

Index Terms—gastric cancer detection, histopathology, Swin
Transformer, ConvNeXt, deep learning, ensemble learning, med-
ical image classification

I. INTRODUCTION

Anyone who has watched a pathologist work through a stack

of histopathology slides understands why gastric cancer diag-

nosis is a bottleneck. Each slide has to be examined carefully,

gastric tissue is structurally complicated, and the judgment

calls involved mean that two experienced pathologists will

sometimes read the same slide differently. Meanwhile the

caseload keeps growing: hospitals and laboratories face more

samples than their pathologists can comfortably handle, and in

many places there simply are not enough trained specialists.

With around 660,000 deaths attributed to gastric cancer each

year—it remains the fifth deadliest cancer worldwide accord-

ing to GLOBOCAN estimates [1]—and survival tied closely

to how early the disease is caught, delays and inconsistencies

in diagnosis have a real human cost.

This is exactly the kind of problem where machine as-

sistance can help. Deep learning has reshaped medical im-

age analysis over the past decade [2], and computational

histopathology in particular has grown from a niche topic into

an active field with its own surveys and benchmarks [3], [4].

Yet most of the tools we came across during this project stop at

a binary question—cancer or not—and say little about what the

tissue actually is when it is not cancerous. For a pathologist,

that distinction matters. Knowing whether a benign patch is

stroma, lymphocytes, or ordinary mucosa provides context for

the case as a whole.

So we set out to build something a bit more complete:

a system that not only flags tumor tissue (TUM) but also

assigns non-cancerous patches to one of seven histologi-

cal categories—adipose (ADI), debris (DEB), lymphocytes

(LYM), mucus (MUC), smooth muscle (MUS), normal mu-

cosa (NOR), and stroma (STR). The technical idea at the

center of the work is straightforward. Histopathology images

carry information at two scales: the overall arrangement of

tissue, and the fine cellular texture within it. Transformers

are strong at the former, convolutional networks at the latter,

so rather than choosing between them we combined a Swin

Transformer [17] with a ConvNeXt [18] and let a weighted

ensemble merge their predictions.

Along the way we made three other contributions worth

noting. We compared several preprocessing options and found

that median filtering followed by CLAHE gave the cleanest

images and the best downstream accuracy. We benchmarked

our ensemble against single models (ViT, EfficientNet-B3,

Swin alone) and against other hybrid pairings, which lets us

say with some confidence that the ConvNeXt–Swin combina-

tion was the best of the options we tested. And we carried

the model all the way to a working prototype—a Flask API,

a web front end, PDF reports, and a database that keeps a

history of predictions—because a model that only lives in a

training notebook is of little use to the people it is meant to

help.

The rest of the paper follows the usual structure: Section II

reviews related work, Section III covers the dataset, prepro-

cessing, and model, Section IV describes the implementation,

Section V presents and discusses the results, and Section VI

closes with limitations and plans.

II. RELATED WORK

Deep learning has moved quickly from proof-of-concept to

near-clinical performance in medical imaging. The survey by



Litjens et al. [2] traced this shift across modalities, and later

reviews focused specifically on computational histopathology

[3], [4] document how the field matured—including a candid

discussion of the obstacles between research prototypes and

clinical adoption, obstacles we ran into ourselves and return

to in Section V. Two results in particular convinced the wider

community that histopathology was ready for deep learning.

Coudray et al. [5] showed that a CNN could not only classify

lung cancer subtypes from slide images but even predict cer-

tain gene mutations, and Kather et al. [6] classified colorectal

histology into nine tissue types—a task closely analogous to

our eight-class gastric problem—and linked the predictions to

patient survival.

Within gastric cancer specifically, the work splits by imag-

ing modality. On the endoscopy side, Hirasawa et al. [7]

trained a CNN on more than 13,000 endoscopic images

and reached 92.2% sensitivity for lesion detection. On the

histopathology side—where our work sits—Iizuka et al. [8]

classified gastric and colonic whole-slide images into adeno-

carcinoma, adenoma, and non-neoplastic tissue with AUCs

up to 0.97, and Song et al. [9] built a gastric diagnosis

system that held up under clinical evaluation across multiple

hospitals, an important demonstration that these methods can

operate outside curated benchmarks. Shi et al. [10] pushed

in a similar direction for gastric dysplasia in endoscopic

specimens. Progress here has also depended on data: the public

GasHisSDB database [11], with some 245,000 labeled gastric

patches, gave the community a common yardstick, and its

authors’ follow-up comparison [12] benchmarked everything

from linear regression to visual transformers on it.

The architectural landscape has shifted underneath this

applied work. Residual networks [13] made very deep CNNs

trainable and remain the ancestor of most modern backbones,

including EfficientNet [14], whose compound scaling gives

a strong accuracy-per-parameter baseline we adopt here. The

transformer, originally built for language [15], crossed into

vision when Dosovitskiy et al. [16] showed with ViT that pure

attention can match or beat convolutions given enough data.

The Swin Transformer [17] made the idea practical for dense,

high-resolution inputs by computing attention within shifted

local windows, and ConvNeXt [18] answered from the other

side, demonstrating that a carefully modernized CNN remains

competitive with transformers.

Closest to our own approach, Yong et al. [19] showed on

GasHisSDB that ensembles of complementary deep models

beat their individual members for gastric cancer detection.

Their finding matches the conclusion we reached indepen-

dently: no single architecture sees everything in a tissue

image, and combining models with different inductive bi-

ases is a cheap way to recover what each one misses.

Two further threads from the literature inform our design

choices rather than our architecture. Stain normalization [20]

addresses the color variability between laboratories that limits

generalization—something we identify as future work—and

gradient-based explanation methods such as Grad-CAM [21]

offer the visual evidence trails that our test users asked for.

III. METHODOLOGY

A. Dataset

All experiments use the Gastric Cancer Histopathology Tis-

sue Image Dataset (GCHTID), which collects high-resolution

patches across the eight tissue classes listed in the introduction.

We picked it for practical reasons: the images resemble what

appears in actual diagnostic work, the classes are reasonably

balanced—which spares us from heavy resampling tricks—

and the eight-way labeling matches the multi-class problem

we wanted to solve. We organized the data into class-wise

folders and split it 80/10/10 into training, validation, and test

sets, checking that no image appears in more than one split.

B. Preprocessing

Histopathology patches are noisy, and staining and illumi-

nation vary from image to image, so some cleanup before

training pays off. Our pipeline is deliberately simple. A median

filter removes salt-and-pepper noise without blurring the tissue

boundaries, and CLAHE then lifts the local contrast so that

cellular structures stand out. After that, images are resized to

224×224 to fit the pretrained backbones and normalized with

ImageNet statistics. During training we also apply rotation,

flips, color jitter, and scaling as augmentation.

We did not arrive at median + CLAHE by guesswork.

We tried Non-Local Means, median, and bilateral filtering for

denoising, crossed with CLAHE and Gaussian enhancement,

and judged the combinations both by eye and by classifier

performance. Table I summarizes the outcome and Fig. 1

shows what the different combinations look like on sample

patches. Gaussian enhancement mostly just blurred the images;

the median filter with CLAHE was the clear winner on both

criteria.

TABLE I
COMPARISON OF PREPROCESSING TECHNIQUES

Technique Category Effect Performance

NLM Noise reduction Preserves details Moderate
Median filter Noise reduction Removes noise effectively Best

Bilateral filter Noise reduction Smooths edges Good
Gaussian Enhancement Slight blur Not effective
CLAHE Enhancement Improves contrast Best

Fig. 1. What the preprocessing options actually do to the images: sample
ADI and DEB patches shown original and after each filter/enhancement
combination.



C. The Hybrid Model

The model itself is an ensemble of two backbones chosen

for their complementary strengths. The Swin Transformer

(Swin-Base) [17] handles the global picture: its shifted-

window attention builds a hierarchical representation that

captures how tissue is organized across the whole patch.

ConvNeXt (Base) [18] works the other end, picking up fine

textures and local cellular patterns—the sort of subtle detail

that distinguishes an early malignant change from its benign

neighbors.

Both networks start from ImageNet pretrained weights,

with their classification heads replaced to output our eight

classes. At inference, we average their class probabilities with

weights of 0.7 for Swin and 0.3 for ConvNeXt—values we

arrived at empirically—and report the top class along with

its confidence. Fig. 2 shows where the model sits inside the

larger system, from preprocessing through to the interface and

database layers.

Fig. 2. The system as a whole: preprocessing feeds the two-backbone
detection layer, whose ensemble output flows to the prediction layer, the user
interface, and the database.

D. Training

Training ran on Kaggle’s free T4 GPUs, which shaped

several of our choices. Mixed-precision training (AMP) kept

iteration times tolerable, and we maintained an exponential

moving average (EMA) of the weights, which noticeably

steadied validation performance from epoch to epoch. The loss

is cross-entropy with label smoothing of 0.1—histopathology

classes blur into one another at the boundaries, and we did

not want the model to be more confident than the data

warrants. We used AdamW with cosine annealing, and gave

the ConvNeXt branch a learning rate ten times higher than

Swin’s (3 × 10
−4 versus 3 × 10

−5), since the CNN adapted

comfortably at a rate that destabilized the transformer. The full

configuration is in Table II.

TABLE II
TRAINING HYPERPARAMETERS

Hyperparameter Value

Learning rate (Swin) 3× 10
−5

Learning rate (ConvNeXt) 3× 10
−4

Batch size 32
Epochs 20
Optimizer AdamW
Loss function Cross-entropy (label smoothing = 0.1)
Scheduler Cosine annealing
Ensemble weights 0.7 (Swin) / 0.3 (ConvNeXt)
Precision Mixed precision (AMP)
Weight averaging EMA

IV. SYSTEM IMPLEMENTATION

A. From Model to Prototype

A trained checkpoint is not a diagnostic tool, so a good

part of the project went into building everything around the

model. The stack is unremarkable by design: Python with

PyTorch, Torchvision, and the timm library on the model

side, OpenCV for image handling, Flask for the API, plain

HTML/CSS/JavaScript on the front end, and a SQL database

(SQLite/MySQL) underneath. We developed in VS Code and

Colab, trained on Kaggle, and tested the API with Postman.

The Flask server loads the saved ensemble

(BEST_MODEL.pth) once at startup and keeps it in

memory. A single endpoint, POST /predict, accepts an

uploaded image, runs it through the same preprocessing used

in training, and returns a JSON object with the predicted

class, confidence, a plain-language description of what that

tissue type means, the cancer status, and a mapped risk level.

Round-trip time is about 2–4 seconds per image, depending

on the image size and the machine.

On top of the API sits a web interface aimed at people who

should never have to see the JSON. A doctor or researcher

uploads a slide image, gets the prediction with its confidence

and a color-coded status, can download the result as a PDF

report, and can browse earlier analyses. Fig. 3 shows the result

screen.

B. Data Storage

Persistence is handled by a small relational database,

gastric_db, with just two tables. users holds accounts

and supports login and role-based access; predictions

stores each result—class, confidence, risk level, description,

and the image path—linked to its owner through a user_id

foreign key. One user, many predictions. It is a modest

schema, but it gives the prototype something clinical software

genuinely needs: a traceable history of what was analyzed and

what the system said.



Fig. 3. The result screen of the web interface: uploaded image, predicted
class, confidence, and a short diagnostic explanation.

C. How We Tested It

We mixed automated and manual testing. Ten to twelve

unit tests cover the pieces that can be checked mechanically:

the preprocessing functions, the dataset split (verifying the

80/10/10 partition and the absence of leakage), the model’s

output format, and the /predict endpoint. Integration tests

then walked the chain from front end to back end to model

to database and back. Finally we ran the whole workflow

by hand, including feeding it corrupted files and unsupported

formats to confirm it fails gracefully. A small user acceptance

round with supervisors and other users found the interface easy

to operate; the most common request—one we agree with—

was for visual explanations showing where in the image the

model found evidence for its call.

V. RESULTS AND DISCUSSION

A. Overall Performance

On the held-out test set the ensemble reached 75.35%

accuracy, with 88.76% on training data and a best validation

accuracy of 76.99%. Precision, recall, and F1 all sit close

to the accuracy figure (Table III), which tells us the errors

are spread across classes rather than concentrated in one or

two. The learning curves in Fig. 4 rise smoothly, and the gap

that opens between the training and validation curves in later

epochs indicates some overfitting—not surprising given how

visually intricate histopathology patches are relative to the size

of the dataset.

TABLE III
EVALUATION METRICS OF THE FINAL HYBRID MODEL

Metric Value

Training accuracy 88.76%
Validation accuracy (best) 76.99%
Test accuracy 75.35%
Precision 75.85%
Recall 75.35%
F1-score 75.45%
Loss 1.21

Fig. 4. Training and validation accuracy over the 20 training epochs.

B. Was the Hybrid Worth It?

The honest way to justify an ensemble is to show it beats its

parts, so we trained the single models and several alternative

pairings under the same protocol (Table IV). The single models

tell an instructive story. EfficientNet-B3 essentially memo-

rized the training set—99% training accuracy—yet managed

only 70% on test data, a textbook case of a local-texture

model overfitting. ViT landed at the same 70% test accuracy

from the opposite direction, with global features but weak

texture sensitivity. Every hybrid we tried beat both, and the

ConvNeXt–Swin pairing gave the best validation accuracy of

the group, which is why it became the deployed model. Swin

+ EfficientNet-B3 posted a slightly higher test number (76%

versus 75.3%), but its lower training and validation figures

made it the less consistent choice overall.

TABLE IV
MODEL PERFORMANCE COMPARISON ON GCHTID

Model Train Acc. F1 / Val. Test Acc.

ViT (single) 82.0% 70.0% 70.0%
EfficientNet-B3 (single) 99.0% 71.0% 70.0%
ViT + Swin 85.0% 74.7% ∼73.0%
Swin + EfficientNet-B3 79.4% 75.0% 76.0%
ConvNeXt + Swin (proposed) 88.7% 77.0% 75.3%

C. Where the Model Succeeds and Where It Struggles

The confusion matrix (Fig. 5, 389 test images per class) and

the per-class metrics (Fig. 6) show a clear pattern. Adipose,

lymphocytes, and smooth muscle are handled well—these

tissues simply look distinctive, with fat’s characteristic empty

vacuoles and lymphocytes’ dense dark nuclei. The trouble

spots are normal mucosa (NOR) and stroma (STR), which

resemble each other and their neighboring classes closely

enough that even the ensemble confuses them regularly; they

account for the largest share of errors. The tumor class is the

encouraging part: TUM recall is the highest of any class, close

to 0.80. For a screening-oriented tool that is the right failure

mode—occasionally raising a false alarm on benign tissue is

far less costly than letting cancer through.



Fig. 5. Confusion matrix on the test set (389 images per class). Most
confusion involves the visually similar NOR and STR classes.

Fig. 6. Per-class precision, recall, and F1-score. Note the high recall on TUM
and the dip on NOR and STR.

D. Limitations

We want to be candid about what this system is and is

not. The 75% test accuracy is respectable for an eight-way

problem on a student budget, but it is well short of clinical

grade, and the NOR/STR confusion suggests the ceiling will

not rise much without stain normalization or more varied

training data. Our compute was limited to free cloud GPUs, so

hyperparameter tuning was necessarily shallow—the ensemble

weights and learning rates were chosen from a small number

of trials, not a systematic search. Everything was trained

and tested on one public dataset, so we cannot say how the

model behaves on slides from a different scanner, staining

protocol, or patient population. Ambiguous cases still need

an expert’s eyes. And as a prototype, the system carries only

basic security—nowhere near what handling real patient data

would demand.

VI. CONCLUSION AND FUTURE WORK

We built and evaluated a system that classifies gastric

histopathology patches into eight tissue types, pairing a Swin

Transformer’s global view with ConvNeXt’s local texture

sensitivity in a weighted ensemble. With a median + CLAHE

preprocessing front end, the ensemble reached 75.35% test

accuracy and outperformed every single-model baseline we

tried, and it now runs end to end behind a Flask API and web

interface, complete with PDF reports and a stored prediction

history. The main lesson of the project matches what others

have found [19]: in histopathology, models with different

inductive biases genuinely see different things, and combining

them is one of the most reliable ways to improve on either

alone.

Several directions follow naturally from the limitations

above. The first priority is explainability—Grad-CAM [21] or

SHAP overlays showing which regions drove a prediction—

both because our test users asked for it and because trust

in a diagnostic aid depends on it. Training on larger, multi-

institutional data with stain normalization [20], and augmen-

tation methods such as MixUp and CutMix, should chip

away at the NOR/STR confusion. Beyond the model, cloud

deployment would remove the local-hardware requirement,

integration with hospital information systems would let the

tool meet pathologists inside their existing workflow, and

a mobile-friendly interface would help in resource-limited

settings. Extending the approach to other cancer types where

deep learning has already shown promise, such as colorectal

[6] or lung [5], is a longer-term goal. None of these steps

makes the system clinical on its own, but together they trace a

plausible path from the prototype described here toward a tool

a pathologist might actually keep open on a second screen.
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