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This research discusses the comparison of ConvMixer and ResNet
methods in the classification and detection of gastrointestinal

July 16, 2025 diseases using the Kvasir dataset. Gastrointestinal diseases are often

difficult to detect early due to the similarity of visual patterns in
endoscopy images, requiring an efficient deep learning-based
solution. The purpose of this research is to compare and evaluate the
models used. The research used a quantitative approach with an
experimental method. Endoscopy image data was processed through
augmentation, normalization, and division of the dataset into train,
validation, and test. ConvMixer and ResNet were trained with
customized hyperparameters, and evaluated using accuracy,

Keywords: precision, recall, and Fl-score metrics.The results showed that
Eggnglxer ResNet excelled with 86% accuracy, slightly higher than ConvMixer
Deep learning which recorded 84% accuracy. ResNet's residual structure overcomes
Kvasir the problem of vanishing gradients, while ConvMixer offers better
Gastrointestinal training speed. Both models showed high performance, although the
Evaluation metrics challenge of similar patterns between classes was still an obstacle. As

a result, ResNet provides better results in detecting gastrointestinal
diseases, but ConvMixer is also a promising alternative. Further
development with more diverse datasets is needed to improve model
performance.
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I. Introduction

Gastrointestinal (GI) disorders are disorders or diseases of the food/digestive tract.
Gastrointestinal diseases include disorders of the esophagus (eshopagus), stomach (gaster), small
intestine (intestinum), colon (colon), liver (liver), bile duct (biliary tract) and pancreas [1].

In the context of healthcare, rapid and accurate diagnosis is essential to determine the right
treatment, especially for diseases that are progressive and high-risk. However, in practice, many
cases are not detected early due to limited time, human resources, and full reliance on manual
interpretation from medical personnel[2].

One of the much-needed alternatives in disease detection accuracy is deep learning, which is a
promising approach in the development of clinical decision support systems, especially in medical
image processing and interpretation[3]. In recent years, with the continuous development of medical
technology, new gastrointestinal endoscopy technology has been widely used in clinical practice.
Gastrointestinal endoscopy has gradually evolved from a traditional tool to a diagnostic and tarapeuk
tool [4] Endoscopy not only helps in the diagnosis of diseases, but also helps in the cure of certain
disorders[5]. The Kvasir dataset is a widely used data source in the field of medical image analysis,
especially for gastrointestinal disease detection. This dataset was introduced as part of the MediaEval
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medical multimedia challenge and consists of thousands of images collected through endoscopic
procedures[6].

Objective In this study, ConvMixer and ResNet models are proposed to detect and classify
gastrointestinal diseases from endoscopy images. The proposed ConvMixer and ResNet models
present a depp learning model that is tested for comparison to find the maximum accuracy. A
thorough analysis was performed on the Kvasir dataset, which contains high-resolution endoscopic
images of various gastrointestinal diseases and normal tissues, to test the effectiveness of the
proposed ConvMixer and ResNet models [7]. However, the similarity of the visual patterns of the
samples within each class of this dataset is an issue that can directly impact the accuracy of these
models. This research addresses this issue by using data augmentation techniques that serve to make
the data vary in order to improve the performance of the model for better test results.

I1. Method

The research method used is a literature review or literature study, which contains theories that
are relevant to the research problems that have been made. In this section, an assessment of the
concepts and theories used is carried out based on the available or collected literature, especially
from articles published in various scientific journals.

This research also uses a quantitative approach with an experimental method that compares two
deep learning models, ResNet and ConvMixer, to measure the effectiveness and accuracy of the
models [8].

II1. Results and Discussion

A. Analysis of system design

The system that will be proposed by the author is a development of the current system that only
uses a consultation system and direct analysis of images obtained through endoscopy procedures into
a system in the form of a web-based application to detect and classify gastrointestinal diseases using
two deep learning models whose training model data sources come from the Kvasir dataset, the
author hopes that the system built can help doctors and patients get accurate and efficient diagnostic
results [9]. Based on the author's analysis that has been carried out, the author proposes a system
design that has the following procedures:

Patient Doctor System
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disease cl heck J L procedure J

access the system
and log in
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detection menu page
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[get analysis resu|tJ<——[ D J

Fig. 1. Analysis of system design
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In the proposed System Analysis above, the author proposes that the patient conducts a
gastrointestinal disease examination and then the doctor takes pictures with an endoscopy procedure
where the images are used for system analysis to help doctors diagnose diseases based on the patient's
endoscopic images.

B. Data collection

Data collection in this study was from images taken using an endoscope. With respect to direct
use in the multimedia research area, the main application area of Kvasir is the automatic detection,
classification, and localization of endoscopic pathological findings in images taken in the
gastrointestinal tract. As such, the provided dataset can be used in several scenarios where the goal
is to develop and evaluate algorithmic analysis of images. By using the same dataset, researchers can
easily compare experimental approaches and results, and the results can be easily reproduced [7].

The training dataset is separated into 3 groups consisting of train, validation and test datasets,
each group has 9 classes in it. The distribution of datasets that the author uses is as follows:

Table 1. Dataset distribution

Class Data Training Data Validation Data Testing amount
Dyed-lifted-polyps 350 100 50 500
Dyed-resection-margins 350 100 50 500
Esophagitis 350 100 50 500
Normal-cecum 350 100 50 500
Normal-pylorus 350 100 50 500
Normal-z-line 350 100 50 500
Polyps 350 100 50 500
Ulcerative-colitis 350 100 50 500
Unknown 350 100 50 500
Total Data 4500

In the process of dividing the model training dataset, the dataset consisting of 4500 endoscopy
images is divided into three main groups: train, validation and test. The training group trains the
model to learn the patterns and characteristics of the data, while the validation group evaluates the
performance of the model during the training process, helps to tune the hyperparameters, and
prevents interference and The test group is used to evaluate the final performance of the model after
the training and tuning process is completed. This data is never used during the training or validation
process, so it can provide an objective picture of the model's capabilities against data that has never
been seen before.

The data in each class is divided proportionally according to the ratio, so that each class has an
equal amount of data in all three groups. For example, out of a total of 500 data in the “Dyed-lifted-
polyps” class, 350 is allocated to train, while 100 is allocated to validation and 50 to testing before
data preprocessing. So that the model can be trained and evaluated fairly, this division ensures
consistent class representation within each group.
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C. Data Pre-processing

Class: normal-cecum

Class: normal-z-line
T
\

Class: dyed-lifted-polyps

Class: esophagitis Class: dyed-resection-margins

Class: ulcerative-colitis

Fig. 2. Data pre-processing

The figure above is the result of the data pre-processing process carried out to increase the variety
of data aimed at improving the performance and learning of the model in the training process.

D. Model Arsitektur

1. ConvMixer

The ConvMixer model was chosen because it has high learning capability and good accuracy,
especially when used on large datasets. The ConvMixer method offers various architectures, which
are designed based on experimental results from previous research. Below is a picture of the
ConvMixer model architecture.
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Fig. 3. Model ConvMixer
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2. ResNet

The ResNet model was chosen for its superior ability to overcome the vanishing gradient problem,
thus allowing for very deep network training. With its residual architecture, ResNet is able to
maintain high accuracy and show consistent performance on various types of datasets, including
large datasets. The following is the architecture of ResNet.
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Fig. 4. Model ResNet

E. Model training

In this training process, a series of experiments are conducted to identify the model that is
effective in classifying the classes contained in the dataset. After undergoing several iterations, a
combination of hyperparameters that produces optimal accuracy is finally obtained. The models used
in this training are ConvMixer and ResNet. The following table summarizes the hyperparameters
applied to the 2 models in this training:

Table 2. Hyperparameter

No Hyperparameter Value
1.  Optimizer Adam
2.  Batch size 64
3. Learning Rate 0.001
4.  Epoch 40
5. Input shape 224x224

The hyperparameters used to train the ConvMixer and ResNet models on the gastrointestinal
disease classification task include the Adam optimizer, which is able to adaptively adjust the learning
rate to support faster convergence on datasets with complex feature variations. The batch size of 64
ensures training efficiency without sacrificing stability, while the learning rate of 0.001 is chosen as
the optimal initial value for effective parameter updates. With 40 epochs, both models have enough
iterations to learn patterns without the risk of overfitting. ConvMixer, with an input shape of
224x224, utilizes patch embedding to capture local patterns and channel mixer to understand global
interactions between features, making it efficient in feature extraction through large kernel
convolutions. Meanwhile, ResNet with the same residual architecture and input shape overcomes the
vanishing gradient problem and captures hierarchical patterns in images, which is important for
recognizing visual characteristics such as mucosal texture or tissue changes in gastrointestinal
diseases.
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1. ConvMixer
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Fig. 5. ConvMixer training chart

The graph in the figure above shows a consistent improvement in all model evaluation metrics of
accuracy, precision, recall, and F1-score over 40 training epochs. Accuracy increased from around
0.65 to over 0.95, while precision and recall each reached values close to 0.96, indicating the model
was increasingly accurate in recognizing and classifying positive data. Fl-score, as a balance
between precision and recall, also experienced a similar trend, reaching more than 0.95. These results
indicate that the model learned well and achieved optimal performance at the end of training.

2. ResNet
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Fig. 6. ResNet training graph

The graph shows the improvement of the model's performance based on the four-evaluation
metrics of accuracy, precision, recall, and Fl1-score, over 40 training epochs. Accuracy increased
from around 0.7 to close to 1.0, indicating a very high ability of the model to predict correctly.
Precision and recall also showed similar trends, each reaching values close to 1.0, indicating the
accuracy and ability of the model to consistently recognize positive data. F1-score also increased
significantly to near perfect values. This graph illustrates that the model achieved optimal
performance with a good convergence rate at the end of training.

F. Model Evaluasi

In this study, ConvMixer and ResNet models were tested in classifying and detecting
gastrointestinal diseases. Test groups were used to evaluate the ConvMixer and ResNet models.
Accuracy, precision, recall, and F1 score are the metrics used to evaluate the performance of the
models [10]. The results are presented in the form of a confusion matrix as below:
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a. ConvMixer
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Fig. 7. Confusion matrix ConvMixer

Below are the steps to calculate the value generated through the confusion matrix.

1. Accuracy
TP+TN
Accuracy =—7———
TP+FP+FN+TN
39+40+39+46+50+41+39+43+49
Accuracy =

459
Accuracy =0,84 (84%)

2. Precision, recall and f1-score
TP

Precision = Recall =

 TP+FP

386
459

Recall x Presisi
Fl—Score =2x S ——

Recall +Presisi

The following is the calculation of precision, recall and f1-score for each class:

o Dyed-lifted-polyps

Precision = =74%
39+7164 e
X
Fl-Score =2x —— =T75%
76 +74
e Dyed-resection-margins
.. 40
Precision = =78%
4o+7171 2g
X
FI-Score =2x =T77%
77+78

o FEsophagitis

Precision = ——— = 0,80%
39+7180x 80
Fl-Score =2x =79%

78 +80
o Normal-cecum

.. 46
Precision = —— = 88%
46+960 88
X
F1-Score =2x ——— = 89%
90 +88

o Normal-pylorus
Precision = S0 96%
50+924 x 96
Fl-Score =2x ———=95%
94 +96
o Normal-z-line

.. 41
Precision = ——— = 80%
41+10
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Recall = ———=76%
39+12
Recall = —2— = 77%
40+12
Recall = —=— = 78%
39+11
Recall = —2 = 90%
46+5
Recall = =2 = 94%
50+3

Recall = —> = 82%
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F1-Score =2x 82x:0 =81%
e Polyps
Precision = —"— = 78% Recall = === 81%
Fl-Score =2x 2278 — 7994,
81 +78
° Ulcerative—colitis
Precision = —— = 84% Recall = B 78%
4348 43+12
F1-Score =2x ———=T77%
78 +77
o Unknown
.. 40 40
Precision = o 95% Recall = 010 100%
Fl-Score =2x 22X _ 970,
100 495

b. ResNet
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Fig. 8. Confusion matrix ResNet

Below are the steps to calculate the value generated through the confusion matrix.

1. Accuracy

TP+TN
Accuracy =
TP+FP+FN+TN
38+49+46+50+44+46+32+42+47 _ 394
Accuracy = =22
459 459
Accuracy =0,86 (86%)
2. Precision, recall dan fi-score
.. TP TP Recall x Presisi
Precision = Recall = Fl1-Score =2x ———
TP+FP TP+FN Recall +Presisi

The following is the calculation of precision, recall and f1-score for each class:
o Dyed-lifted-polyps

Precision = —— = 86% Recall = =75%
38+765x86 38+13
FI-Score =2x = 80%
75 +86
. Dyed—resection -margins
Precision = —— = 96% Recall = = 80%
49+2 49+12
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80 x 96

F1-Score =2x ——— 50 196 =87%
Esophagitis
. 46 46
Precision = —— = 86% Recall=——=91%
4-6+971 o 46+5
F1-Score 2x v = 88%
Normal-cecum
. 50 50
Precision = =T77% Recall = ——=98%
50+9185x 77 50+1
F1-Score =2x = 86%
98 +77
Normal-pylorus
. P 44 44
Precision = —— = 90% Recall=——=92%
44+5 44+4
F1-Score =2x 2x30 - 91%
92 +90
Normal-z-line
. 46 46
Precision=——=91% Recall = ——=88%
46+5 46+6
FI-Score =2x 22 = 89%
Polyps
Precision = =74% Recall = 32 78%
32+11 3249
Fl-Score =2x 2272 — 76%
78 +74
Ulcerative-colitis
Precision = = 79% Recall = —2— = 75%
42+7151x N 42+14
F1-Score =2x 179 77%
Unknown
. 47 47
Precision =——=92% Recall = ——=100%
4T+ o 4740
F1-Score =2x ———— 00192 =96%

IV. Conclusion

L.

(1]

(2]

(3]

(4]

(5]

The implementation and evaluation results of the ConvMixer and ResNet deep learning
models show that both models perform well in detecting and classifying gastrointestinal
diseases using endoscopy images from the Kvasir dataset. ResNet achieved 86% accuracy,
slightly higher than ConvMixer which recorded 84% accuracy.

The similarity of visual patterns in the images in the Kvasir dataset poses a challenge for the
ConvMixer and ResNet models in detecting gastrointestinal diseases. Similar visual structures
across classes can make it difficult for the models to distinguish the unique features of each
disease class, potentially decreasing accuracy.
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