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ABSTRACT

Early detection of colon adenomatous polyps is pivotal in reducing colon cancer risk. In this context, accurately
distinguishing between adenomatous polyp subtypes, especially tubular and tubulovillous, from hyperplastic
variants is crucial. This study introduces a cutting-edge computer-aided diagnosis system optimized for this
task. Our system employs advanced Supervised Contrastive learning to ensure precise classification of colon
histopathology images. Significantly, we have integrated the Big Transfer model, which has gained prominence
for its exemplary adaptability to visual tasks in medical imaging. Our novel approach discerns between in-class
and out-of-class images, thereby elevating its discriminatory power for polyp subtypes. We validated our system
using two datasets: a specially curated one and the publicly accessible UniToPatho dataset. The results reveal
that our model markedly surpasses traditional deep convolutional neural networks, registering classification
accuracies of 87.1% and 70.3% for the custom and UniToPatho datasets, respectively. Such results emphasize
the transformative potential of our model in polyp classification endeavors.

1. Introduction

Colorectal cancer is a leading cause of cancer-related deaths world-
wide [1]. Most colon cancer cases originate from adenomatous polyps,
making the early detection and removal of these pre-invasive polyps
crucial in reducing mortality rates [2]. Conversely, hyperplastic polyps
(HP) are generally considered non-malignant [3]. Therefore, accurately
distinguishing adenomatous polyps from HP during the diagnostic pro-
cess is of utmost importance.

Histopathological analysis and cancer screening require the exper-
tise of pathologists, who face the challenge of differentiating polyp
types accurately and efficiently [4]. The increasing demand for accurate
polyp differentiation and the growing number of histopathological
analysis requests have underscored the need for advanced decision-
support systems. To carry out this process faster and more accurately,
computer-aided diagnosis (CAD) can be employed. CAD provides valu-
able assistance in easing labor-intensive work and minimizing the er-
rors associated with traditional approaches. By integrating CAD into the
diagnostic workflow, pathologists can benefit from enhanced decision-
making capabilities, leading to improved efficiency and effectiveness in
the classification of polyps on histopathological images.

* Corresponding author.

Recent advancements in machine learning and deep learning algo-
rithms have sparked significant interest in CAD systems for medical
image analysis. Several studies have been conducted on the individual
diagnosis of colorectal cancer from histopathological images, including
comprehensive studies on colon adenocarcinoma classification [5-17]
and colon polyp classification [2,7,8,18-27].

Korbar et al. [19] proposed a framework for classifying colonic
polyp types, including HP, sessile serrated polyp (SSP), serrated ade-
noma (SA), tubular adenoma (TBA), tubulovillous adenoma (TVA), and
normal tissues. Their framework utilized the ResNet architecture and
achieved a classification accuracy of 93%. Following their previous
work, Korbar et al. [18] visualized attention maps on whole slide
images (WSIs). Wei et al. [2] used the ResNet architecture to classify
polyp types, including TBA, TVA, HP, and SSP, achieving an accuracy
of 93.5%. Additionally, in [28] proposed a curriculum learning scheme
for distinguishing HP polyps from SSA, achieving an Area Under the
Curve (AUC) score of 88.2%. Nasir-Moin et al. [21] developed an
Al-augmented diagnostic assistance tool using the ResNet-18 model
for polyp type classification. Byeon et al. [24] utilized DenseNet-161
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and EfficientNet-B7 to distinguish polyp types from cancerous and
non-specific tissues. In a later work, Wei et al. [29] introduced a
Confidence-Aware Label Smoothing scheme for classifying HP and SSP.

Contrastive learning (CLR) approaches have been widely used in
histopathology image analysis, including classification [30-33], seg-
mentation [34,35], and stain normalization [36]. These methods lever-
age contrastive loss to learn discriminative features and enhance the
performance of histopathological image analysis tasks.

CLR methods have also been applied to other medical image clas-
sification tasks. Vu et al. [37] utilized self-supervised contrastive pre-
training for classifying pleural effusion in chest X-ray images. Chen
et al. [38] employed an encoder trained with CLR on public datasets
to classify Covid-19 in chest X-rays. Zhang et al. [39] pre-trained med-
ical image encoders using paired text data with contrastive loss. Tian
et al. [40] proposed a Constrained Contrastive Distribution Learning
methodology for detecting anomalies in medical images. Azizi et al.
[41] used SimCLR with multiple instances of the same image and
compared its performance on various medical image datasets with
different baseline models, including Big Transfer. Stacke et al. [42]
examined the performance of CLR approaches on histology images
using in-domain pre-training and ImageNet pre-training.

Big Transfer (BiT), a transfer learning paradigm, leverages pre-
trained models on large datasets to enhance performance in specific
tasks [43]. This approach capitalizes on the transferability of learned
features to improve classification performance. Mustafa et al. used BiT
as a baseline alongside traditional ResNet architectures for medical
image classification in mammography, chest X-rays, and dermatology
images [44]. Galdran et al. [45] proposed a methodology to improve
the classification performance on unbalanced medical image classifica-
tion tasks by utilizing BiT. Lu et al. [46] combined BiT with SimSiam,
demonstrating improved classification performance in skin cancer clas-
sification tasks. Shi et al. [47] improved the classification performance
in whole-slide image classification of Eosinophilic esophagitis using
BiT. Azizi et al. [41] presented a representation learning strategy for
medical image classification by employing the weights of BiT as a
backbone.

Alongside BiT, Supervised Contrastive Learning (Sup-Con) has
emerged as a powerful learning strategy, especially in scenarios with
limited labeled data, which is a common challenge in the medical image
field. Sup-Con focuses on learning powerful representations by reducing
the dependence on extensive labeled datasets and instead utilizing
similarities between different but related samples [48]. Thus, facilitates
faster learning and more accurate inference. Notably, this study is
the first to apply the Sup-Con learning methodology with different
state-of-the-art (SOTA) convolutional neural network (CNN) backbone
architectures for colonic polyp classification on histopathology images.

This study expands on our previous research [4] by focusing on
the multiclass classification of TBA and TVA, aiming to differentiate
them from visually similar HP. The primary objective is to improve
diagnostic accuracy and support better treatment decisions for these
specific polyp types. To achieve this, we propose a CAD system that
assists experts in classifying histopathology images, thereby enhancing
the diagnostic process and aiding pathologists in their decision-making
tasks. To achieve these objectives, we leverage advanced machine
learning techniques, including Sup-Con and the BiT model, even in
scenarios with limited labeled samples. These approaches significantly
enhance the effectiveness of polyp classification on histopathological
images. The main contributions of this study can be summarized as
follows:

» We develop an improved Sup-Con model and apply it for polyp
classification on colon histopathology images. Our method en-
hances visual task adaptation by utilizing a pre-trained BiT model
as the encoder backbone, in contrast to classical Sup-Con models
that typically use a conventional ResNet model.
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We comprehensively evaluate the performance of the Sup-Con
method with various encoder structures for polyp classification
problems on colon histopathology images, which, to the best of
our knowledge, has not been extensively explored in previous
studies.

To support our experimental results, we curate a large custom
dataset that is used in the experiments. We also provide baseline
tests on the dataset using SOTA pre-trained Deep CNN algorithms
to enable a fair comparison.

Furthermore, we investigate the performance of in-domain pre-
training for the classification of colonic polyps using a publicly
available UniToPatho database.

To comprehensively evaluate and assess the generalizability of the
proposed model, we employ the publicly available UniToPatho
database [49]. The proposed Sup-Con model achieves an accuracy
of 87% and 70.12% on our custom dataset and UniToPatho,
respectively, surpassing the performance of other SOTA methods.
In the experiments, we compare the performance of the proposed
method with traditional Sup-Con on both UniToPatho and our
custom datasets.

The structure of the paper is as follows: The second section, Ma-
terials and Methods, includes explanations about the data collection
process, and explains the proposed method and its components. The
following section (Section 3) explains the experimental setup and the
settings of the tests that are performed. Section 4 demonstrates the
comprehensive test results. Finally, the paper is concluded with a
discussion section (Section 5).

2. Material and methods
2.1. Data collection

The histological slides used in this study were collected from 184
patients undergoing colorectal cancer screening at Kayseri City Hospital
(Kayseri, Turkey) since May 2018." Among the 184 patients, 82 were
female and 102 were male. The age range was between 19 and 89, with
an average age of 62.

The slides were obtained from patients who had undergone
colonoscopy, with each slide representing a specific tissue sample. A
total of 359 slides belonged to adenomatous polyps (including TBA and
TVA), while 181 slides belonged to HP. The slides were examined under
a microscope at five different magnification levels: x2.5, x5, x10, x20,
and x40. Examples of tissue samples at each magnification level are
shown in Fig. 1.

For each slide and across various magnifications, two expert pathol-
ogists performed labeling, and rectangular bounding boxes were manu-
ally annotated around the polyps, particularly at the higher magnifica-
tions of x2.5 and x5. This detailed annotation process was instrumental
in identifying distinct areas of interest within each slide, which we refer
to as ‘samples’ in our study. As a result, the total number of samples
derived from these slides was significantly larger than the number of
slides themselves. Specifically, our dataset comprised 346 samples of
TVA, 340 of TBA, and 370 of HP, amounting to a total of 1056 samples.
The distribution of these samples, reflecting the diversity and specificity
of our study, is presented in Table 1.

To ensure a balanced representation of each class in the training,
validation, and test sets, a class-wise split approach was employed. The
dataset was initially divided according to class, after which an equal
or proportional number of samples from each class were randomly
selected for the subsets. Specifically, 718 samples were chosen for
training, 157 for validation, and 181 for testing, with care taken to

! This study was approved by Kayseri City Hospital Ethics Committee and
Erciyes University Clinical Research Ethics Committee.
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(a) x2.5 Magnification (b) x5 Magnification

(d) x20 Magnification

(c) x10 Magnification

(e) x40 Magnification

Fig. 1. Representative adenomatous tissue images at increasing magnifications,
highlighting key morphological features for pathological classification.

Table 1
Number of samples for each of the classes and Training/Validation/Test sets.
Hyperplastic Tubular Tubulovillous Total
Training 254 222 242 718
Validation 56 51 50 157
Test 60 67 54 181
Total 370 340 346 1056

avoid any overlap between samples from the same patient. This method
ensures that all classes are adequately represented across the subsets,
thereby maintaining the diversity and integrity of the dataset.

In addition to this approach, 1657 slides were selectively drawn
from the publicly available UniToPatho database, which includes 9536
hematoxylins and eosin-stained (H&E) patches from 292 whole slide
images at 20x magnification [49]. This selection targeted slides per-
tinent to our study’s focus — HP, TBA, and TVA - while excluding
classes like normal and low-grade polyp classes not central to our
research objectives. Moreover, the choice of this subset was also in-
fluenced by the practicality of computational resources, as handling
the entire UniToPatho dataset would have significantly increased the
computational load. Thus, a representative yet manageable subset of
slides was chosen, balancing comprehensive data analysis with the
available computational capacity. This approach ensured that efficient
model training was conducted without compromising the relevance of
the data.

2.2. Supervised contrastive learning

CLR techniques have demonstrated significant success in learning
powerful representations for visual tasks by comparing positive and
negative pairs of samples. However, the application of CLR in a super-
vised setting can further enhance the performance of inference models.
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This is achieved through Sup-Con, which bridges the gap between fully
supervised learning (SL) and self-supervised learning (SSL) [48].

In Sup-Con, the primary objective is to bring closer the represen-
tations of positive samples (i.e., samples belonging to the same class).
This goal is achieved by minimizing the contrastive loss function, which
is carefully designed to consider both positive and negative pairs. The
loss function encourages the model to maximize the distance between
different classes in the normalized feature space. By doing so, the
model not only learns to identify shared characteristics within the
same class but also becomes adept at distinguishing between different
classes. The contrastive loss ensures effective separation by calculating
the similarity of a query sample with all other samples in the batch,
emphasizing the need to differentiate between classes. The Sup-Con loss
function (Eq. (1)) is given by:

L(query) = Z —log explquery - xi/)

M
1M 2= explquery - x;/7)
Yy(query)=y(x;)

¢9)

In this equation, the notation i specifically indexes samples that
belong to the same class as the query within a batch of M total
samples. The term exp(query- x; /) calculates the exponential similarity
score between the query and a positive sample x;, which is a sample
from the same class as the query. This score quantifies the closeness
between the query and samples from the same class. On the other
hand, j iterates over all M samples in the batch, including both positive
and negative samples (the latter being from different classes than the
query). The term exp(query - x;/7) computes the query’s similarity with
each sample in the batch. The function y() denotes the class label.
The temperature parameter 7 is crucial, as it modulates the Sup-Con’s
sensitivity, impacting the distinction between classes. By adjusting z,
the model’s discriminative capacity is fine-tuned, enhancing its abil-
ity to distinguish between different classes. The equation’s design,
with the summation over i focusing on same-class samples and over
j encompassing the entire batch, ensures a comprehensive learning of
discriminative features [48,50].

Unlike traditional CLR, Sup-Con utilizes labeled data for positive
and negative sample selection, addressing the issues associated with
the random sampling of false negatives. The framework comprises an
encoder network and a projector network. In the first stage, a batch
of inputs undergoes data augmentation and is passed through the
encoder network to generate embeddings. These embeddings are then
fed into the projector network, which produces normalized outputs.
The contrastive loss, defined in Eq. (1), is based on these normalized
outputs, promoting similar embeddings for positive pairs and dissimilar
ones for negative pairs. In the second stage, a linear classifier is
trained on the frozen representations from the first stage, consisting
of a fully-connected layer followed by a softmax layer with the target
classes.

2.3. Big transfer

BiT is a transfer learning paradigm that incorporates architectural
modifications to enhance the performance of both upstream and down-
stream tasks [43]. During pre-training, BiT utilizes upstream compo-
nents such as scale, group normalization (GN), and weight standard-
ization (WS). These components contribute to the learning of powerful
representations in a supervised setting. Downstream components are
then employed during fine-tuning for specific tasks.

BiT models, which are based on ResNet-v2 architectures, are de-
signed in various sizes to cater to distinct computational and appli-
cation requirements. Among these, the BiT-M model, representing the
medium variant in the BiT family, strikes a balance between model
complexity and computational efficiency. This medium variant is par-
ticularly relevant for scenarios that demand robust performance but are
constrained by computational resources.
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A key architectural modification in BiT is the replacement of batch
normalization (BN) with GN. This decision is supported by the advan-
tages GN offers over BN, particularly its robustness to variations in
batch sizes. Batch Normalization, commonly used in neural networks,
normalizes the input of a mini-batch by adjusting and scaling the
activations. However, its effectiveness diminishes with smaller batch
sizes, often encountered in resource-constrained environments. On the
other hand, GN, which normalizes inputs across groups of channels
within each layer, offers robustness to variations in batch sizes. This
feature is particularly advantageous in scenarios where computational
resources limit batch sizes [51].

In addition to group normalization, BiT models are further enhanced
by integrating weight standardization (WS). WS optimizes the train-
ing process by standardizing the weights in the convolutional layers,
a technique that involves normalizing these weights by subtracting
their mean and dividing by the standard deviation. These architectural
advancements enable BiT to demonstrate satisfactory performance in
tasks that demand significant domain adaptation [43]. The adaptability
and flexibility of BiT are also validated through its performance in the
Visual Task Adaptation Benchmark (VTAB), which assesses the model
across a wide range of diverse visual tasks. Furthermore, these improve-
ments in domain adaptability are also crucial in more complex areas
such as medical image classification, a topic analyzed in Section 1.

2.4. Proposed framework

Previous studies on polyp classification using histology images pre-
dominantly employ transfer learning methods. However, the domain
mismatch between medical and natural images has been shown to hin-
der the effectiveness of transfer learning [52]. On the other hand, recent
works have demonstrated that the BiT method improves the perfor-
mance of transfer learning approaches in medical image classification
tasks due to its remarkable domain adaptation capabilities [25,41,44—
47]. Additionally, the loss function of Sup-Con accelerates the learning
of hard negatives and hard positives, which is particularly beneficial
for our histology database which contains challenging samples.

We have designed the proposed framework by combining the BiT
and Sup-Con frameworks, as illustrated in Fig. 2. This figure depicts
the comprehensive structure of our framework, including the two-stage
Sup-Con approach and the integration of BiT as the encoder.

During the first stage, as depicted in Fig. 2, we train the encoder
for 100 epochs using the Sup-Con loss with a batch size of 16. In this
phase, we subject a batch of inputs to data augmentation before passing
them through the encoder network to generate embeddings. These
embeddings are then channeled into the projector network, resulting in
normalized outputs. The contrastive loss (Eq. (1)), derived from these
outputs, facilitates the comparison of a query with a set of samples from
the same class [48,50]. Upon completion of the first stage, we progress
to the second stage with the learned frozen representations. This stage
encompasses a series of layers: a dropout layer, a fully connected layer
equipped with L2 kernel regularizers, followed by another dropout
layer, and a final softmax layer. This softmax layer is responsible for
predicting the class of a given sample, such as “Hyperplastic Polyp”.
To optimize this stage, the stochastic gradient descent (SGD) optimizer
is employed, operating at a learning rate of 0.001 and a momentum of
0.9. We further refine the learning rate using the adaptive momentum
optimization algorithm. The chosen loss function for this stage is cate-
gorical cross entropy, complemented by label smoothing set at a value
of 0.1, to strike a balance in prediction confidence. The optimal settings
described above were determined through extensive experiments and
comparisons, which will be detailed in Section 3.

In contrast to the traditional Sup-Con model, our framework takes
a different approach by integrating the BiT architecture as the encoder.
This choice marks a significant departure from the traditional Sup-Con’s
reliance on the simpler architecture of ResNet-50-V2 as the encoder.
Our model capitalizes on BiT’s strengths, particularly in handling lim-
ited data scenarios, to enhance the learning process. This collective
enhancements position our framework as a more tailored solution
compared to the traditional Sup-Con model.
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3. Experimental setup

To evaluate the performance of the proposed method, we compare
it against commonly used ImageNet pre-trained Deep CNN models.
We also employ these pre-trained models as encoders for the Sup-
Con framework and compare the performance of SL and Sup-Con
approaches. As explained in Section 2.4, the proposed Sup-Con frame-
work is a modified version of the traditional Sup-Con. During the
experiments, we also compare the performance of the proposed method
with traditional Sup-Con. Hyperparameter optimization is conducted
to explore the model’s performance under different settings, including
learning rate (0.0001, 0.0005, 0.001, 0.005, 0.01), optimizer (ADAM,
SGD, RMSprop, Adagrad), and temperature value (0.03, 0.05, 0.08,
0.1).

To assess the impact of in-domain pre-training, we altered the pre-
training set and conducted ablation tests using standard performance
metrics. These metrics include class-based F1-score, precision, recall,
and overall accuracy, as defined in Eq. (2). In these equations, T,
F, P, and N denote True, False, Positive, and Negative predictions,
respectively. Specifically, F P, represents the instances where the model
incorrectly predicted class i, and FN; denotes the cases where the
model failed to identify class i, predicting other classes instead.

Precision; X Recall;

Fi 12X o—oree—————
Precision; + Recall;
- TP,
Precision; : ————
TP, + FP, 9
r>, @
Recall; : ———
TP, + FN;
TP,
Accuracy : L TP

Number of all Samples

Here, F); is the Fl-score for class i, calculated as the harmonic mean
of precision and recall. Precision for class i (Precision;) is the ratio of
true positive predictions to the total predicted as class i, while recall
(Recall;) measures the ratio of true positive predictions to the actual
number of samples in class i. The overall accuracy is determined by
the proportion of true positive predictions across all classes (c) to the
total number of samples.

Additionally, the weighted average for a metric M is computed as
shown in Eq. (3). Here, M; represents the metric value for class i, and
C; is the count of samples in class i. The weighted average of metric M
is calculated using the formula:

Zi MiCi
%G

Finally, to verify the generalizability of our proposed models, we
conducted tests using the publicly available UniToPatho database.
However, it is crucial to underline that this phase of testing does
not represent a traditional external validation, as the models were
re-estimated for compatibility with this specific dataset. While this
approach provides valuable insights into the adaptability and perfor-
mance of the models, it is more accurately described as an extended
evaluation rather than a definitive external validation.

The models used for the ablation study are obtained from Ten-
sorFlow, including BiT-M (trained on ImageNet-21k), DenseNet-201
(trained on ImageNet), Inception-V3 (trained on ImageNet), ResnNet-
50 (trained on ImageNet), ResNetV2-50 (trained on ImageNet),
InceptionResNet-V2 (trained on ImageNet), and Xception (trained on
ImageNet). All these models are pre-trained on natural images, and
fine-tuning is applied to adapt them to the histological dataset. Fine-
tuning is necessary because the pre-trained models are trained on a
different domain, and transferring their knowledge to histology images
requires fine-tuning on the specific dataset. The pre-trained models are
used as encoders during the first stage of the Sup-Con framework, and
they are trained using Supervised Contrastive loss.

Weighted Average of metric M : 3)
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Fig. 2. Illustration of the proposed framework: This diagram outlines the architecture and workflow of the proposed supervised contrastive approach, which integrates the BiT

encoder and demonstrates the two-stage training process for enhanced polyp classification.

All experiments are performed on the Google Colab platform, which
provides 52 GB of RAM and NVIDIA Tesla K80, NVIDIA Tesla T4,
and NVIDIA Tesla P100 GPU accelerators. The proposed experiments
are implemented using Python v3.7.13 with the TensorFlow v2.8.0
framework.

The source code of the proposed algorithm and the experimental
setup can be accessed online [53].

4. Results

Following the experimental setup, this section delves into the out-
comes of our comprehensive testing and analysis. The efficacy of the
proposed Sup-Con methodology, alongside various baseline models, is
systematically evaluated in the polyp classification task. Our findings
are encapsulated in Table 2 and visually summarized in Fig. 3, re-
vealing the performance of these models in terms of Overall Accuracy,
Precision, Recall, and F1 scores across different classes. Additionally,
a weighted average of the performance metrics for each model is
included in Table 2 to offer a holistic assessment.

In the analysis of Table 2, the BiT model emerges as the top
performer in the supervised setting, followed by Inception-ResNet and
DenseNet-201. Notably, the table also contrasts the performance of
different model backbones, including the ResNet-50-v2 encoder as
implemented in our proposed Sup-Con settings, alongside its tradi-
tional Sup-Con variant. A more detailed distinction between these two
implementations is provided in Section 2.4.

Among the baseline models, the proposed method performs best
when BiT-M is used as the encoder on our custom dataset. In this case,
it achieves the highest accuracy, weighted average precision, weighted
average recall, and weighted average F1l-score, with values of 86.2%,
86.3%, 86.2%, and 86.1% respectively. Conversely, when ResNet-50
is used as the encoder, the performance of the model is relatively

poor, with an accuracy, weighted average precision, weighted average
recall, and weighted average Fl-score of 75.7%, 75.7%, 75.6% and
75.6 respectively. The difference in performance between BiT-M and
ResNet-50 can be attributed to the fact that BiT-M is an improved
version of ResNet-50 specifically designed to ease domain adaptation.
In addition to the proposed Sup-Con model, the performance of the
Traditional Sup-Con setup, which uses the ResNet-50-v2 encoder, is
also noteworthy. As seen in Table 2, the Traditional Sup-Con model
shows a commendable improvement over the standard SL approach,
achieving an overall accuracy of 75.2% compared to 70.2% in the
supervised setting. This enhancement indicates the effectiveness of even
the traditional Sup-Con approach in enhancing model performance,
particularly in differentiating between the complex subtypes of polyps.

In addition to comparing the performance of different encoders, we
also evaluated the impact of pre-training sets on the custom dataset. We
employed three different settings: utilizing the publicly available Uni-
ToPatho dataset as the pre-training dataset of the encoders, fine-tuning
ImageNet-trained models on our custom dataset, and fine-tuning Ima-
geNet pre-trained models with the UniToPatho and custom database.
It is crucial to highlight that the selection of models for comparison
in Table 3 was meticulously based on their performance rankings as
established in Table 2. Specifically, the top three performing models
— DenseNet, Inception-ResNet, and BiT-M - were chosen from Table 2
for a focused analysis. The results, presented in Table 3, demonstrate
varying impacts of the pre-training sets on these models. The ImageNet
pre-trained DenseNet and Inception-ResNet-v2 models exhibit a 1.4%
improvement in accuracy when fine-tuned on the UniToPatho database.
In contrast, the BiT-M model shows a 3.7% decrease in performance
under the same experimental conditions. This decrease in performance
may be attributed to the fact that UniToPatho samples are cropped
from only one magnification of a Whole Slide Image (WSI), while our
custom dataset contains WSIs of four different magnification levels.
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Fig. 3. Accuracy comparison of the supervised learning and supervised contrastive learning with state-of-the-art classifiers.

Table 2

Comparison of Supervised (SL) and Supervised Contrastive Learning (Sup-Con) performance measurements for various Deep CNN models. Acc.,
Pre., Rec., and F1 stand for Accuracy, Precision, Recall, and F1 Score, respectively. HP, TBA, and TVA represent Hyperplastic Polyps, Tubular
Adenomas, and Tubulovillous Adenomas, respectively. The best results are highlighted in bold.

Model SL Sup-Con
Overall Acc. (%)  Pre. (%) Rec. (%) F1 (%) Overall Acc. (%)  Prec. (%) Rec. (%) F1 (%)

BiT-M 78.9 78.9 79.2 78.9 86.2 86.3 86.2 86.1
HP 78.2 80.4 79.3 83.6 93.3 88.2
TBA 81.0 75.2 78.0 87.9 86.6 87.2
TVA 77.0 82.7 79.8 87.5 77.7 82.4
DenseNet-201 73.0 73.0 73.0 73.0 80.7 80.2 81.6 80.4
HP 72.7 74.1 73.4 87.9 80.3 83.9
TBA 73.8 72.0 72.9 80.8 75.7 78.1
TVA 72.3 73.2 72.7 70.9 90.3 79.4
Inception ResNet 67.0 67.5 67.8 67.2 77.9 78.1 78.0 77.9
HP 58.3 70.8 64.0 74.8 81.6 78.1
TBA 74.0 60.6 66.7 80.8 74.3 77.4
TVA 69.6 73.3 71.4 78.5 78.5 78.5
Inception-v3 68.3 68.4 68.5 68.3 76.2 76.3 76.3 76.2
HP 66.0 70.7 68.3 73.8 79.8 76.7
TBA 65.1 69.7 67.3 78.9 72.6 75.6
TVA 75.0 64.7 69.5 76.0 76.9 76.4
ResNet-50 70.2 70.5 70.4 70.2 75.7 75.7 75.6 75.6
HP 66.0 75.3 70.4 76.1 83.6 79.7
TBA 71.4 71.4 71.4 77.4 72.7 75.0
TVA 74.4 63.7 68.6 73.1 70.4 71.7
ResNet-50-v2: Traditional 70.2 70.5 70.4 70.2 75.2 75.1 76.0 75.2
Sup-Con

HP 66.0 75.3 70.4 73.8 77.5 75.6
TBA 71.4 71.4 71.4 81.7 69.1 74.9
TVA 74.4 63.7 68.6 68.4 83.1 75.0
Xception 73.5 73.6 73.4 73.4 75.9 75.9 75.8 75.8
HP 71.7 76.8 74.2 74.8 80.0 77.3
TBA 73.3 74.0 73.7 76.9 72.7 74.8
TVA 76.0 69.0 72.3 76.0 75.0 75.5

Furthermore, the unbalanced distribution of samples for certain polyp
types in the UniToPatho dataset, such as TVA, TBA, and HP, may have a
significant impact on the performance of BiT-M. On the other hand, the
ImageNet pre-trained BiT-M achieves the highest accuracy of 86.2%.

An in-depth examination of the performance of various models
across polyp subtypes, as detailed in Tables 2 and 3, provides valuable
insights. We observed notable variations in model performance depend-
ing on the polyp subtype, which can largely be ascribed to the inherent
architectural characteristics of each model and their interaction with
the unique features of these subtypes. For example, BiT-M consistently
exhibited superior performance across all subtypes, including the more
complex TVA and TBA. Its higher accuracy and precision in handling
these subtypes highlight its robustness.

In contrast, models like DenseNet-201 and Inception ResNet dis-
played varying efficacy levels across different polyp subtypes.

DenseNet-201, for instance, was more effective in classifying HP sub-
type, potentially due to its architectural alignment with the specific
patterns of HP polyps. On the other hand, Inception ResNet’s perfor-
mance fluctuated across subtypes, influenced by its feature extraction
capabilities.

Moreover, the analysis of different pre-training sets, as shown in
Table 3, revealed that the source of pre-training data significantly
affects model performance for specific polyp subtypes. Models pre-
trained on ImageNet and then fine-tuned on the UniToPatho database
tended to excel in classifying HP, whereas those only pre-trained on Im-
ageNet were slightly more inclined towards adenomatous polyps. This
underscores the critical role of pre-training data in enhancing a model’s
adaptability and generalization to various subtypes. Thus, when devel-
oping models for polyp classification, it is essential to consider both
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Table 3
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Assessment of model performance pre-trained on different datasets with the adapted Sup-Con approach. Acc. stands for Accuracy, Pre. for Precision, Rec. for Recall, F1 for F1-Score,
HP for Hyperplastic polyps, TBA for Tubular adenomas, and TVA for Tubulovillous adenomas. The best results are highlighted in bold.

Model UniToPatho ImageNet ImageNet + UniToPatho
Overall Acc. (%) Prec. (%) Rec. (%) F1 (%) Overall Acc. (%) Prec. (%) Rec. (%) F1 (%) Overall Acc. (%) Prec. (%) Rec. (%) F1 (%)
DenseNet 63.1 62.5 64.4 62.8 80.7 80.2 81.6 80.4 82.1 82.1 82.7 82.3
HP 73.8 58.1 65.0 87.9 80.3 83.9 83.2 80.2 81.7
TBA 57.7 66.7 61.9 80.8 75.7 78.1 78.8 76.6 77.7
TVA 55.7 68.8 61.5 70.9 90.3 79.4 84.8 93.1 88.7
Inception-ResNet ~ 72.4 72.0 73.0 72.0 77.6 77.8 78.1 77.8 80.7 80.3 81.1 80.5
HP 82.2 69.3 75.2 75.9 81.0 78.3 88.8 77.9 83.0
TBA 60.6 74.1 66.7 78.8 70.1 74.2 72.1 81.5 76.5
TVA 74.7 75.6 75.2 78.5 84.9 81.6 81.0 84.2 82.6
BiT-M 79.6 78.9 82.3 79.1 86.2 86.3 86.2 86.1 82.4 82.2 82.3 82.2
HP 88.7 74.0 80.7 83.6 93.3 88.2 86.0 86.0 86.0
TBA 84.6 78.6 81.5 87.9 86.6 87.2 81.7 78.7 80.2
TVA 60.8 96.0 74.4 87.5 77.8 82.4 78.5 82.7 80.5
87 database, our method demonstrated a significant 11% improvement
86 in accuracy. These results highlight the effectiveness of the Sup-Con
methodology in enhancing the model’s generalization ability across
85 different datasets.
84 Furthermore, our proposed method surpasses the performance of
- other methods in the literature. Previous studies achieved accuracies of
E 83 + — 64.3% [25] and 66.6% [26] on the UniToPatho database, whereas our
o 82 proposed method achieved higher accuracies on both the UniToPatho
< . dataset and the custom database.
W The ROC curves in Figs. 5 and 6 depict the trade-off between true
80 positive rate and false positive rate for our proposed method on the
29 4 custom database and the UniToPatho dataset, respectively. The curves
indicate the superior discriminative ability of our method, as it achieves
7 T T T higher true positive rates while maintaining lower false positive rates.
Temperature Optimizer Learning rate

Fig. 4. Hyperparameter stability analysis of the proposed method.

the architecture and the pre-training data source, as these factors pro-
foundly influence the model’s effectiveness across different subtypes.

Additionally, we performed hyperparameter optimization on the
proposed method. Various learning rates, optimization methods, and
temperature values for the Sup-Con were tested. The values of each
hyperparameter can be found in Section 3. Fig. 4 shows a standard
box plot depicting the Top-1 accuracy changes for different hyperpa-
rameters: learning rate, optimization method, and temperature value.
It can be observed that the proposed method exhibits low variance in
accuracy across different hyperparameters. The best accuracy of 87.1%
for the proposed method was achieved with a learning rate of 0.0005,
Adam optimizer, and a temperature value of 0.05.

Overall, the experimental results demonstrate that the proposed
Sup-Con methodology, especially when combined with the BiT-M en-
coder, significantly improves the performance of polyp classification on
colon histopathology images.

4.1. Generalization test

To evaluate the generalization ability of the model, we conducted
experiments using both the UniToPatho dataset and the custom dataset.
A comparison was made between the proposed Sup-Con methodology
and traditional Sup-Con on these datasets. Separate fine-tuning was
performed for each dataset, and the results are presented in Table 4.
The receiver operating characteristic (ROC) curves of our proposed
method on the custom database and the UniToPatho dataset can be
found in Figs. 5 and 6, respectively. Additionally, the classification
confusion matrices for each dataset are shown in Fig. 7.

Analyzing the results in Table 4, we observed that the proposed
method achieved a 6.1% improvement in accuracy on the UniToPatho
dataset compared to traditional SL approaches. Similarly, on the custom

The classification confusion matrices in Fig. 7 provide additional
insights into the performance of the proposed method. The matrices
illustrate the distribution of predicted classes compared to the ground
truth for each dataset. The higher values along the diagonal indicate
accurate classification, while off-diagonal values represent misclassi-
fications. Our proposed method demonstrates improved classification
performance with fewer misclassifications.

These results demonstrate the strong generalization ability of the
proposed Sup-Con methodology, as it consistently outperforms tradi-
tional SL approaches. Achieving higher accuracies on both the Uni-
ToPatho dataset and the custom database not only highlights its robust
performance but also suggests that our method attains SOTA results in
this domain.

5. Discussion

The relevance of CLR in histopathology image analysis has been
underscored by numerous studies exploring tasks such as classification,
segmentation, and stain normalization. However, the application of
Sup-Con for colonic polyp classification on histology images remains
a relatively unexplored territory, setting the stage for the contribution
of our study. In comparison with existing methods for colonic polyp
classification, which predominantly rely on conventional SL strategies
employing Deep CNN models, our method offers significant improve-
ments. Notable examples of these conventional methods include the
work of Korbar et al. [19], Byeon et al. [24], and lizuka et al. [9],
who used ResNet-50 variants, DenseNet, and Inception-V3 respectively,
and achieved considerable accuracy on their respective datasets. How-
ever, our approach has shown to deliver superior performance in
distinguishing hard-positive and hard-negative samples.

Our experimental setup involved comprehensive comparisons with
conventional models like ResNet50, EfficientNet, and Inception-v3.
The performance gap observed between our custom dataset and the
aforementioned studies could be attributed to variations in domain
distribution. However, when incorporated into the Sup-Con approach,
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Generalization performance of the proposed model and Traditional Sup-Con on the custom collected dataset and UniToPatho. Acc. stands for Accuracy, Pre. for Precision, Rec. for

Table 4
Recall, F1 for F1-Score, HP for Hyperplastic polyps, TBA for Tubular adenomas, and TVA for Tubulovillous adenomas. The best results are highlighted in bold.
Model/Per class Custom collected dataset UnitoPatho
Overall Acc. (%) Prec. (%) Rec. (%) F1 (%) Overall Acc. (%) Prec. (%) Rec. (%) F1 (%)
Conventional Sup-Con 75.2 75.1 76.0 75.2 64.0 69.9 64.0 65.2
HP 73.8 77.5 75.6 88.2 90.9 89.6
TBA 81.7 69.1 74.9 74.0 50.3 59.9
TVA 68.4 83.1 75.0 32.7 55.2 41.1
Proposed method 86.2 86.3 86.2 86.1 70.1 71.8 70.1 70.3
HP 83.6 93.3 88.2 70.6 72.7 71.6
TBA 87.9 86.6 87.2 78.6 64.7 71.0
TVA 87.5 77.8 82.4 57.8 78.8 66.7
< 0 v these models significantly improved in performance, with our method
3 9 2 2 6 " utilizing BiT as a backbone achieving the highest accuracy.
1] 40 2 . . . . . .
iﬁ : It is important to note that many existing models are primarily
35 L% Bk = . o0 evaluated on specific custom datasets, which may limit their gener-
g£3- 7 =27 . . . . . .
2 i . alization to diverse datasets encountered in real-world applications.
-20 " B . . :1:
E H Our model, however, has shown remarkable generalization capability
g, 3 11 0 3-8 3l -2 across different datasets. Specifically, it has excelled not only on our
E . ] 2 - . " custom-collected dataset but also on the publicly available UniToPatho
Hyperplastic ~ Tubular  Tubulovillous Hyperplastic ~ Tubular  Tubulovillous L. . .
Actual Actual dataset, achieving an impressive accuracy of 70.3%. When contrasted
with other methods reported in the literature that garnered accuracies

(a) CustomDataset (b) UnitoPatho

Fig. 7. Confusion matrix of the proposed method on our custom collected database
and UnitoPatho. The vertical and horizontal axes are the predicted and the true labels,

respectively.

of 64.3% and 66.6% on the UniToPatho dataset [25,26], the general-
ization capability of our proposed model becomes even more apparent.
These results underscore the potential of our model to address real-life
challenges in colon adenomatous polyp classification, paving the way
for its wider applicability in clinical settings. These results provide com-
pelling evidence regarding the remarkable generalization capability of
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our proposed model across different datasets, highlighting its poten-
tial applicability in real-life scenarios. This highlights the potential
applicability of our method in real-world scenarios.

While our approach has demonstrated robust performance and gen-
eralizability, one potential drawback lies in its heavy computational
requirement due to the use of the BiT model and Sup-Con framework.
This could potentially limit its deployment in low-resource settings
where computational power is a constraint. However, with ongoing ad-
vancements in model optimization techniques and hardware efficiency,
this challenge could be mitigated in future implementations. As future
work, the development of a comprehensive plan that includes incorpo-
rating other publicly available datasets for pre-training purposes, and
conducting longitudinal follow-up studies of patients could enhance
our method’s robustness and applicability. These insights could sig-
nificantly contribute to the development of more effective screening
and diagnostic methods for colon adenomatous polyps and ultimately
colorectal cancer.

6. Conclusion

This study introduces a novel CAD system that leverages enhanced
Sup-Con for accurate polyp classification in colon histopathology im-
ages. The proposed method, incorporating the BiT model, effectively
contrasts in-class from out-of-class images, significantly enhancing the
model’s capability to differentiate between polyp types. The evaluation
of our model on both a custom-collected dataset and the UniToPatho
dataset attests to its superior performance over conventional deep CNN
models, thereby underscoring its potential for practical application.
Furthermore, our analysis of different pre-training settings highlights
the impressive visual task adaptation of the BiT model and indicates the
potential benefits of in-domain pre-training. In conclusion, our research
not only brings to light the potential of Sup-Con in polyp classification
but also emphasizes the importance of domain-specific pre-training,
thereby providing a roadmap for future advancements in the field.
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