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a b s t r a c t 

Background and Objective : Early detection of colon adenomatous polyps is critically important because 

correct detection of it significantly reduces the potential of developing colon cancers in the future. The 

key challenge in the detection of adenomatous polyps is differentiating it from its visually similar coun- 

terpart, non-adenomatous tissues. Currently, it solely depends on the experience of the pathologist. To 

assist the pathologists, the objective of this work is to provide a novel non-knowledge-based Clinical 

Decision Support System (CDSS) for improved detection of adenomatous polyps on colon histopathology 

images. 

Methods : The domain shift problem arises when the train and test data are coming from different distri- 

butions of diverse settings and unequal color levels. This problem, which can be tackled by stain normal- 

ization techniques, restricts the machine learning models to attain higher classification accuracies. In this 

work, the proposed method integrates stain normalization techniques with ensemble of competitively ac- 

curate, scalable and robust variants of CNNs, ConvNexts. The improvement is empirically analyzed for five 

widely employed stain normalization techniques. The classification performance of the proposed method 

is evaluated on three datasets comprising more than 10k colon histopathology images. 

Results : The comprehensive experiments demonstrate that the proposed method outperforms the state- 

of-the-art deep convolutional neural network based models by attaining 95% classification accuracy on 

the curated dataset, and 91.1% and 90% on EBHI and UniToPatho public datasets, respectively. 

Conclusions : These results show that the proposed method can accurately classify colon adenomatous 

polyps on histopathology images. It retains remarkable performance scores even for different datasets 

coming from different distributions. This indicates that the model has a notable generalization ability. 

© 2023 Elsevier B.V. All rights reserved. 
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. Introduction 

According to global cancer statistics published in 2021 [1] col- 

rectal cancer (CRC) is one of the most common causes of can- 

er deaths. Most CRC cases develop as an adenomatous polyp. If 

denomatous polyps are detected early, the CRC can be prevented 

y the removal of the colonic adenomatous polyps. They can be 

een during a colonoscopy procedure. During the colonoscopy, 
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olyps are found and removed for histopathological examination, 

hich provides the diagnostic information for treatment and long- 

erm follow-up. Therefore, the detection of adenomatous polyps on 

istopathological images is critically important for patients. How- 

ver, currently, this solely depends on the expert pathologists’ ex- 

erience. This study proposes a decision support system for them 

n the hope to reduce the missed detection of malicious polyps. 

In the clinical workflow of polyp classification, a key di- 

gnostic challenge is the differentiation of adenomatous polyps 

rom non-adenomatous tissues. The adenomatous polyp types 

re tubular, villous, and tubulovillous adenomas. Moreover, ade- 

omatous polyps have the potential to develop into cancer, 
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hile hyperplastic (i.e. non-adenomatous or normal) polyps 

re usually not likely to show malignancy potential. Therefore, 

istinguishing adenomatous/neoplastic polyp tissue from non- 

denomatous/hyperplastic/normal tissue is a significant step in 

ancer screening. 

Since early diagnosis is vital, there is a growing demand for 

ancer screening programs. As the demand for screening increases, 

he workload of pathologists increases, and consequently it gets 

arder and harder to detect disease at an early stage. In order 

o carry out this process faster and more accurately, Clinical Deci- 

ion Support System (CDSS) can be employed, which can ease this 

abour-intensive work and minimize the mistakes of the traditional 

pproaches. In this work, a CDSS is proposed to assist experts by 

roviding the classes of each histopathology image and highlight- 

ng the most suspected areas with Grad-Cam method. 

The steady advancement of Deep Learning (DL) based ap- 

roaches brought a great interest in medical image classification 

asks. There are extensive studies conducted with numerous meth- 

ds focusing on the individual diagnosis of colorectal cancer on 

istopathology images, such as classification of colorectal adeno- 

arcinoma [2–14] , colon polyp classification [4,5,15–23] . 

In [16] , Korbar et al. proposed a methodology to classify colon 

olyp types on the colonic whole-slide images (WSIs). In this work, 

SIs are cropped into patches, then the extracted patches are 

lassified with a ResNet architecture. This methodology achieved 

n accuracy of 93%. In [15] Korbar et al. proposed a new frame- 

ork, following their previous work, to visualize attention map 

n the WSIs. Wei et al. proposed a hierarchical framework to ex- 

end the classification of the tissue patches to the whole slide. 

oreover, Wei et al. developed a curriculum learning scheme to 

lassify polyps [21] . The proposed methodology achieved an area- 

nder-curve (AUC) of 88.2%. Song et al. [17] emphasized the impor- 

ance of using different patch sizes for grading and classification 

f colonic adenomas. Nasir-Moin et al. [19] developed an artificial 

ntelligence (AI) augmented digital system for polyp classification. 

erformance of the proposed methodology was evaluated by us- 

ng 238 external slides. Perlo et al. [20] introduced a methodology 

o grade the dysplasia of the colorectal polyps. Moreover, in their 

ork they compared the model performance on gray scale, RGB 

nd Macenko stain normalized histology images. In [8] Sarwinda 

t al. employed a ResNet architecture to classify colorectal WSIs 

nto malignant and benign. In their work, they employed Contrast 

imited Adaptive Histogram Equalization (CLAHE) methodology as 

n image pre-processing technique. Recently, Bilal et al. [2] pro- 

osed a framework to classify colonic WSIs as neoplastic or nor- 

al with a weakly supervised deep learning. They evaluated the 

erformance of their system by using custom collected WSIs and 

he Cancer Genome Atlas (TCGA) database, and an overall area un- 

er the receiver operating characteristic curve (AUROC) of 0.9746 

as achieved. Yildirim et al. [12] suggested a CNN based network 

or detection of the colon cancer on WSI. Zhou et al. [13] employed 

lobal labels to localize the cancerous regions on the colonic WSIs. 

hree experts evaluated the performance of the suggested method- 

logy. Similarly, Gupta et al. [4] used a customized Inception- 

esNet-v2 Type 5 (IR-v2 Type 5) model for classification and lo- 

alization of the abnormal tissues from colonic WSIs. In another 

ork, Ho et al. [5] classified colonic biopsy WSIs as high risk and 

ow risk with an AUC of 91.7%. Moreover, Wang et. al [22] pro- 

osed a model that used unsupervised contrastive learning, and 

chieved an accuracy score of 64.29% on UniToPatho database. Fol- 

owing their work, Wang et al. suggested clustering-guided con- 

rastive learning for polyp classification task and achieved an accu- 

acy score of 66.55% on UniToPatho database [23] . However, most 

f the state-of-the-art deep learning models for colonic polyp clas- 

ification employs a single deep CNN algorithm. 
U

2 
Ensemble learning methods are widely used in medical im- 

ge classification tasks, such as polyp classification on colonoscopy 

mages [24,25] , colon cancer detection on histopathology images 

14,26,27] , breast cancer detection on histopathology images [28] . 

n [29] , Kumar et al. proposed a model that ensembled AlexNet 

nd LeNet architectures, which achieved a greater accuracy than 

he AlexNet and LeNet architectures alone. Kallipolitis et al. [7] en- 

embled EfficientNet variants to detect cancer from pathology im- 

ges of breast and colon. 

Ensemble methods are widely employed in breast cancer clas- 

ification tasks on histopathology images. They can make more ro- 

ust decisions since they employ various classifiers as base learn- 

rs, which can capture different levels of information contained in 

he latent features. However, they have not been used in colonic 

denomatous polyp detection on histology images. To the best of 

ur knowledge, this study is the first to use ensemble methods 

o classify colonic histological images as adenomatous and non- 

denomatous. The main contributions of this study are as follows: 

• In this study, we explore state-of-the-art pre-trained Deep CNN 

algorithms’ performances on our custom dataset. To the best of 

our knowledge, this study is the first to comprehensively eval- 

uate widely used stain normalization techniques namely, Stain- 

GAN, Stain-Net, Vahandane, Macenko and Reinhard by combin- 

ing with state-of-the art Deep CNN models for classification of 

adenomatous and non-adenomatous colonic polyp tissues. 
• This study is one of the first studies which employs ConvNeXt 

architecture on colon histopathology images for polyp classifi- 

cation task. 
• We propose a model which ensembles the pre-trained 

ConvNeXt-Tiny and ConvNeXt-Base variants to classify adeno- 

matous and non-adenomatous tissues on colonic histopathol- 

ogy images. Moreover, the variants are further tailored to the 

problem by network modifications at the image representation 

levels. In order to comprehensively evaluate and assess the gen- 

eralizability of the proposed model, we also employ publicly 

available UniToPatho and EBHI databases [30,31] . The proposed 

ensemble model achieves an accuracy of 95% on our custom 

dataset. 
• Additionally, in order to ensure the explainability of the pro- 

posed model, the Grad-Cam method is used. The attention 

map of the model is explored for adenomatous and non- 

adenomatous images. We believe that these Grad-Cam visual 

outputs can help pathologists to see and judge the decision 

process of the model. 

The paper is organised as follows: The second section Materials 

nd Methods includes explanations about the data collection pro- 

ess, stain normalization, ensemble methods, ConvNeXt arcitecture 

nd the proposed model. The following section ( Section 3 ) explains 

he experimental setup and the settings of the tests that are per- 

ormed. Section 4 demonstrates the comprehensive test results. Fi- 

ally, the paper is concluded with a discussion section ( Section 5 ). 

he complementary details about the test results are added to the 

ppendix section ( Section Appendix A ). 

. Material and methods 

.1. Data collection 

The histological slides used in this study were collected from 

4 patients who underwent colorectal cancer screening since May 

018 at Kayseri City Hospital, Kayseri, Turkey 1 Forty-six of the 84 
This study was approved by Kayseri City Hospital Ethics Committee and Erciyes 

niversity Clinical Research Ethics Committee. 
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Fig. 1. Histology images of an adenomatous sample tissue for different magnification levels. 
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Table 1 

Number of samples and patients for each class in our dataset. 

Class Number of Samples Number of Patients 

Adenoma 359 52 

Hyperplasia 181 29 

Normal/Chronic Inflammation 130 30 

t

t

i

c

n

atients are male, while the other 38 are female. The age range is 

etween 19 and 89 and the average age is 62. 

The dataset contains samples of both adenomatous polyp and 

on-adenomatous tissues for each patient. The tissue samples were 

xamined under microscopy with 5 different magnification levels 

nd each magnification level is included in the custom dataset. 

amples of different magnification settings can be seen in Fig. 1 . 

he magnification levels are: x2.5 ( Fig. 1 a), x5 ( Fig. 1 b), x10

 Fig. 1 c), x20 ( Fig. 1 d), and x40 ( Fig. 1 e). In total, 671 slides

ere collected, 359 of which belong to adenomatous polyps and 

12 slides belong to non-adenomatous tissues (hyperplastic polyps, 

ormal tissue and chronic inflammation). The detailed labelling of 

he collected samples was done by two expert pathologists for 

ach slide and magnification level. 

Four hundred seventy (470) slides were randomly selected for 

he training, 101 for the validation and 100 for the test set. The 
3 
rain, test and validation sets were separated patient based. That is, 

here were no whole-slide images that belong to the same patient 

n two different sets. A detailed description of the collected slides 

an be found in Table 1 . 

In order to assess the generalizability of the models and stain 

ormalization techniques, randomly selected 152 slides were ac- 
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Table 2 

Different configurations of the ConvNeXt variants. 

Model / Configurations Number of Channels 

(C) in each stage 

Number of Blocks (B) 

in each stage 

ConvNeXt-T (96, 192, 384, 768) (3, 3, 9, 3) 

ConvNeXt-S (96, 192, 384, 768), (3, 3, 27, 3) 

ConvNeXt-B (128, 256, 512, 1024) (3, 3, 27, 3) 

ConvNeXt-L (192, 384, 768, 1536) (3, 3, 27, 3) 

ConvNeXt-XL (256, 512, 1024, 2048) (3, 3, 27, 3) 
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uired from publicly available UniToPatho and EBHI databases. Uni- 

oPatho database contains 9536 hematoxylin and eosin stained 

atches extracted from 292 whole-slide images, where each of the 

lides has a magnification of 20 ×. The WSIs belong to the fol- 

owing classes: normal tissue, hyperplastic polyp, tubular adenoma 

nd tubulo-villous adenoma [30] . EBHI is composed of 5532 WSIs 

hich have the following categories, normal, low-grade and high- 

rade intra-epithelial neoplasm, and adenocarcinoma, divided into 

our magnifications of 40 ×, 100 ×, 200 × and 400 × [31] . 

In most cases, an adenomatous slide may contain one or more 

ifferent adenomatous tissue structures alongside a normal tissue 

tructure. Usually, an expert pathologist decides whether a WSI 

ontains adenomatous tissue or not by looking through the whole 

mage and the structures in it. Therefore, in this study, each of the 

SI is individually classified. 

.2. Stain normalization 

Deep CNN algorithms have a great capacity to fit a dataset with 

igh precision. However, this precision challenges the model to 

eneralize for the unseen data. Moreover, if there is a domain shift 

n training and testing data, the model must be robust and reliable 

or real-world scenarios. 

The domain shift problem is commonly encountered between 

ifferent WSIs. This difference can be the consequence of different 

taining protocols, slide preparation or medical center, etc [32] . For 

nstance, in Fig. 2 it can be seen that the color intensities of two

ifferent WSIs are quite different. This affects the quality of the 

rained model. To this end, to ensure good generalization ability, 

 deep CNN algorithm should be robust to domain shifts. In or- 

er to address this issue, different stain normalization techniques 

re proposed by the researchers. In the literature, the following 

tain normalization techniques are widely used: Vahandane, Ma- 

enko, Reinhard, Stain-GAN, Stain-Net. Vahandane, Macenko and 

einhard methods are more traditional techniques, while Stain- 

AN and Stain-Net models are based on Generative Adversarial 

etwork (GAN) structures [33–37] . Fig. 3 shows the outputs of dif- 

erent stain normalization techniques applied on an adenomatous 

mage sample from our custom dataset. 

.3. Ensemble learning 

Ensemble learning is a technique which combines various clas- 

ifiers to enhance classification performance. Different classifiers 

an capture different information and therefore, ensemble classi- 

ers may result in better accuracy as compared to base learn- 

rs. Furthermore, ensemble learning methods are widely used in 

ifferent medical image classification tasks [38] . In [29] , Kumar 

t al. suggested that different CNN classifiers can learn various lev- 

ls of semantic image representation. In that work, AlexNet and 

eNet architectures are fine-tuned on medical images. The pro- 

osed method achieved greater accuracy than the AlexNet and 

eNet architectures alone. 

.4. Convnext architecture 

ConvNeXt architecture has recently been proposed by Liu et al. 

39] . This architecture takes the advantage of both the attention- 

ased classifiers and traditional ResNet architectures to compete 

ith the performance of Vision Transformers (ViTs). ConvNeXt ar- 

hitecture is motivated to capture global dependencies by large re- 

eptive fields and utilizes convolutions with large kernels as the 

ain building block [40] . Moreover, ConvNeXt is a pure CNN archi- 

ecture, that can outperform the Swin Transformer for ImageNet- 

K classification [39] . The architecture of a ConvNeXt block is pre- 

ented in Fig. 4 and the ConvNeXt architecture is shown in Fig. 5 . 
4 
To propose the ConvNeXt architecture, in their work, Liu et al. 

odernized a ResNet architecture by gradually incorporating the 

ssence of the Swin Transformers into the network. Typically, the 

etwork starts with a stem cell in which input images are pro- 

essed. The stem cell implementation of the ConvNeXt architecture 

s composed of a “Patchify” design which implements a patchify 

ayer using a 4 × 4, stride 4 convolutional layers. 

The following stages of the network are composed of ConvNeXt 

locks. In each stage, the number of blocks has a ratio of 3:3:9:3. 

 ConvNeXt block contains a depth-wise convolution which is fol- 

owed by 1 × 1 convolutions. The depth-wise convolution imple- 

ents a special type of group-wise convolution by grouping the 

hannels. The combination of depth-wise convolution and 1 × 1 

onvolutions performs a similar effect to a property that is shared 

etween vision transformers. Additionally, ConvNeXt architecture 

mplements a Gaussian Error Linear Unit (GELU) as an activation 

unction between the two 1 × 1 convolution layers and uses layer 

ormalization instead of batch normalization. Furthermore, vari- 

us ConvNeXt variants are suggested, namely, ConvNext-Tiny (T), 

Small (S), -Base (B), -Large (L) and -X-Large (XL). The diversity of 

he variants differs as the number of channels and the number of 

locks changes for each stage. Table 2 shows the different configu- 

ations of the variants. 

.5. The proposed ensemble of convnexts framework 

The proposed framework to classify colonic histological images 

s either adenomatous or non-adenomatous is shown in Fig. 6 . 

revious studies on colonic polyp classification problems predomi- 

antly employ a single deep CNN algorithm. According to previous 

tudies, [41–,44] CNN architectures play an important role for the 

lassifier performance. As stated in the [45] , deep residual CNN ar- 

hitectures are used for more complex problems, while shallower 

NNs are used for simple problems. Additionally, ensemble meth- 

ds perform better than a single deep CNN algorithm, because its 

ase classifiers can interpret various properties of an input image. 

onsequently, we designed the proposed framework by employing 

n ensemble of ConvNeXt variants. We selected the ConvNeXt ar- 

hitecture since it is more suitable to classify adenomatous colonic 

SIs than the attention-based networks or regular CNNs because 

f the following reasons: 

Unlike ViT [46] , it does not require a large amount of data in

raining. Since there are limited number of samples in our cus- 

om dataset, this makes ConvNeXt more convenient than data- 

ungry attention-based methods such as ViT. Moreover, in contrast 

o CNNs, it can capture longer dependencies because of its large 

eceptive field. Similar to what experts do, it can recognize an ade- 

omatous polyp structure in a histopathological image by visually 

nspecting spatially distant cell structures. This makes ConvNeXt 

ore suitable for this task, while it is challenging for CNNs to cap- 

ure those distant correlations. 

The base classifiers of the ensemble model are ConvNeXt-Tiny 

nd ConvNeXt-Base models, which are pre-trained on ImageNet- 

1k dataset. In order to make those networks more suitable to 
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Fig. 2. Without any stain normalization, the color intensity variation between two different WSIs can be clearly seen in our custom dataset. 

Fig. 3. Results of the stain normalization techniques on a sample image from our dataset. 

5 
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Fig. 4. Structure of a ConvNeXt block. 

Fig. 5. The architecture of the ConvNeXt. 

Fig. 6. The proposed framework of ensemble of ConvNeXts. 

6 
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Table 3 

Parameters of the proposed method. 

Parameters Values 

Optimizer ADAM 

Learning Rate 0.001 

Number of Epochs 50 

Batch Size 64 

Regularizer L2 Norm 

Table 4 

Number of parameters of the models that are used in this work. 

Network Number of Parameters 

ConvNeXt-Large 229,843,637 

ConvNeXt-Base 87,568,514 

ConvNeXt-Small 49,456,226 

ConvNeXt-Tiny 27,821,666 

Inception-v3 21,806,882 

ResNet-v2-50 23,568,898 

ResNet-v2-101 42,630,658 

InceptionResNet-v2 54,339,810 

ViT 36,047,682 

EfficientNet-v2-s 20,333,922 

Proposed Method 115,390,180 
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ur task, we implemented a fine-tuning approach which consists 

f unfreezing the entire model and re-training it on our data for 

ach of the models separately. Subsequently, drop-out and a dense 

ayer are added to the top layer. Adam optimizer with a learning 

ate of 0.001 is employed, and adaptive momentum optimization 

lgorithm optimized the learning rate during the training. As the 

oss function, binary cross entropy is used with label smoothing 

ith a smoothing coefficient having a value of 0.1. By this way, 

abel smoothing regularizes the network to choose the class with 

igh confidence. The training batch size is set to 64 and both of 

he networks are fine-tuned in 50 epochs individually. 

In the final decision step, the probabilistic outputs of each class, 

 n , are calculated for base models, B m 

. The average probabilistic 

utput for each class is calculated at the averaging layer by using 

he outputs of the base models, as in Eq. 1 . 

 Ensemble (C i ) = 

1 

| M| 
∑ 

m ∈ M 

P B m (C i ) (1) 

Furthermore, in order to verify the proposed model’s general- 

zability, the model is tested on three different sets of instances, 

hich come from UniToPatho, EBHI datasets and the testing set of 

he custom-collected dataset. 

Additionally, in order to show the explainability of the proposed 

odel, the Grad-CAM method is used. The attention map of the 

odel is explored for adenomatous and non-adenomatous images. 

utputs of the Grad-CAM results of the proposed model can help 

he pathologist to see and judge the inner decision step of the 

odel. 

. Experimental setup 

Fig. 6 shows the experimental setup of the proposed frame- 

ork. The source code of the proposed algorithm and the exper- 

mental setup can be accessed online [47] . 

As it is mentioned in the Section 2.5 ; each of the base classifiers

f the ensemble model is fine-tuned on our dataset by adding a 

rop-out and a dense layer to the top layer. 

T performance of the proposed ensemble method is compared 

gainst the extensively used pre-trained deep CNN methods and 

ttention-based method. We further compared frequently used 

tain normalization techniques for each of the deep CNN-based, 

ttention-based methods and the proposed ensemble method. For 

hese ablation tests the following standard performance measures 

re used: F1 score, accuracy, precision, and recall. 

To prevent any ”Clever Hans” type of mistake, the datasets used 

n the training and tests are split based on patients rather than 

ndividual images. That is, if a patient’s sample image is in the test 

et, none of its other images can appear in the training set. 

The models for the ablation study were employed from 

ensorFlow-Hub and the models are: Inception-V3 (InceptionV3 

rained on ImageNet) ResNetV2-50 (ResNetV2-50 trained on 

mageNet) ResNetV2-101, (ResNetV2-101 trained on ImageNet) 

nceptionResNet-V2 (InceptionResNet-V2 trained on ImageNet) ViT 

fine-tuned on ImageNet 1k) EfficientNet-S (EfficientNet V2 pre- 

rained on ImageNet), EfficientNet-S-21k (EfficientNet V2 pre- 

rained on ImageNet 21k), EfficientNet-S-21k-ft-1k (Efficient- 

et V2 pretrained on ImageNet 21k and fine-tuned on Ima- 

eNet 1k) ConvNeXt-Tiny (model pre-trained on the ImageNet-1k 

ataset), ConvNeXt-Small (model pre-trained on the ImageNet-1k 

ataset), ConvNeXt-Base-1k (model pre-trained on the ImageNet- 

k dataset), ConvNeXt-Base-21k (model pre-trained on the 

mageNet-21k dataset), ConvNeXt-Base 21k-ft-1k (model pre- 

rained on ImageNet 21k and finetuned on ImageNet 1k), 

onvNeXt-Large (model pre-trained on the ImageNet-21k dataset). 
7 
We employed all the models as pre-trained; this is due to 

he fact that building those models from scratch requires a large 

mount of data and resources. 

After adding custom layers at the end of the base models, we 

mplemented a fine-tuning approach because the state-of-the-art 

NN models are pre-trained on natural images, while our images 

elong to a different domain. Thus, in order to comprehensively 

ompare the above-mentioned methods, we first fine-tuned them 

n our histological dataset. All the experiments were performed 

n Google Colab Platform with 52 GB of RAM and NVIDIA Tesla 

80, NVIDIA Tesla T4 and NVIDIA Tesla P100 GPU accelerators. The 

pplication of the proposed experiments was implemented with 

ython v3.7.13 with the TensorFlow v2.8.0 framework (See [47] ). 

The details of the network parameters, optimizers, number of 

pochs, learning rates, and number of parameters are given Table 3 

nd Table 4 . 

Initially, we first normalized the WSIs using the following stain 

ormalization techniques separately and obtained different sets 

f normalized histological images: Stain-Net, Stain-GAN, Reinhard, 

acenko and Vahadane. In order to apply Reinhard, Macenko and 

ahadane techniques, we employed StainTools library [48] . The 

tain-Net and Stain-GAN methods are implemented by using the 

ource codes of [33] , and [36] . 

. Results 

For the curated sets of WSIs with different stain normaliza- 

ion techniques, we primarily experiment with the aforementioned 

aseline classifiers. The ResNet-50 is implemented as it is pro- 

osed by Korbar et al. [16] . Moreover, other popular deep learn- 

ng approaches are also implemented and the test performance 

f each model and stain normalization techniques are shown in 

able 5 and Tables A .8 –A .13 . The performance results of the top-

erformed model on the custom dataset are given in Table 6 . This 

able shows the accuracy metrics of the proposed model on the 

ustom-collected dataset with various normalization techniques. 

From Table 5 and Fig. 7 it can be seen that Stain-GAN and Rein- 

ard normalization techniques perform better than other methods. 

urthermore, accuracy and F1 scores of the Stain-GAN and Rein- 

ard normalized datasets are approximately improved by 3–5% for 
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Table 5 

Accuracy results of the baseline models and the proposed model on the curated sets of custom collected dataset. 

Original Stain-Net Stain-GAN Reinhard Macenko Vahandane 

Acc(%) F1(%) Acc(%) F1(%) Acc(%) F1(%) Acc(%) F1(%) Acc(%) F1(%) Acc(%) F1(%) 

ConvNeXt-L 84.38 65.54 83.13 74.25 88.75 74.42 86.88 80.00 84.38 65.54 81.25 69.41 

ConvNeXt-B-21k 80.63 73.94 86.25 85.00 80.00 58.89 86.67 75.71 74.38 49.73 57.50 37.36 

ConvNeXt-B-21k-ft-1k 81.25 63.64 66.25 43.48 80.63 58.56 88.13 79.04 88.13 83.44 54.38 40.00 

ConvNeXt-S 78.13 63.58 81.25 63.64 83.75 65.91 86.88 77.84 83.75 67.82 71.88 67.59 

ConvNeXt-T 87.50 77.38 85.00 72.94 83.75 73.81 91.36 89.02 88.75 78.57 82.50 72.62 

Inception-v3 82.50 68.60 80.00 68.24 85.53 69.77 86.25 74.12 82.50 66.67 75.74 63.44 

ResNet-v2-50 76.25 60.92 78.13 63.58 82.50 64.77 82.50 64.77 75.63 54.14 77.50 62.07 

ResNet-v2-101 79.81 65.52 77.36 56.98 83.13 72.19 80.00 58.89 74.21 53.93 71.25 49.45 

InceptionResNet-v2 86.25 76.19 81.88 71.01 82.50 74.70 83.02 71.43 79.38 57.46 80.00 70.24 

ViT 78.13 51.34 75.63 54.14 48.13 47.20 55.33 56.74 59.12 53.66 58.13 68.46 

EfficientNet-v2-s 86.25 85.00 88.68 88.05 87.50 79.52 89.38 84.66 85.00 72.94 83.13 76.36 

EfficientNet-v2-s-21k-ft-1k 85.00 83.75 86.88 82.21 90.00 86.42 89.87 82.93 89.31 87.50 83.75 81.08 

EfficientNet-v2-s-21k 85.63 87.90 89.38 78.11 89.44 86.42 89.38 78.11 88.75 87.50 84.13 71.62 

Proposed Method 93.75 93.58 95.00 93.90 92.50 91.25 91.88 90.57 91.93 90.48 88.82 87.12 

Fig. 7. Comparison of different stain normalization techniques for the proposed method and baseline models. 

Table 6 

Performance results of the proposed model. 

Proposed Method 

Normalization Accuracy Precision Recall F1 

Original 93.75% 93.58% 93.58% 93.58% 

Stain-Net 95.00% 92.77% 95.06% 93.90% 

Stain-Gan 92.50% 92.41% 90.12% 91.25% 

Reinhard 91.88% 92.31% 88.89% 90.57% 

Vahandane 88.82% 87.65% 86.59% 87.12% 

Macenko 91.93% 88.37% 92.68% 90.48% 
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he baseline models. The performance of the proposed model is 

valuated for each stain normalization technique and is given in 

able 5 . 

The proposed method on our custom dataset performs the best 

n Stain-Net normalized dataset and achieves the highest accu- 

acy, precision, recall, and F-score with values of 95%, 92.8%, 95.1% 
8 
nd 93.9%, respectively. On the other hand, the performance of the 

nsemble model is relatively poor for the Vahandane normalized 

ataset with accuracy, precision, recall, and F-score with values of 

8.8%, 87.7%, 86.6% and 87.1%, respectively. 

The performance of the proposed method and all the baseline 

lassifiers are poor for the Vahandane normalized data. For the Va- 

andane normalized dataset, the same proportion of adenomatous 

nd non-adenomatous images are confused by all the base classi- 

ers and the proposed model. This may originate from the Vahan- 

ane normalized images having less contrast than the other nor- 

alized images, as shown in Fig. 3 and Fig. 3 d. In order to ad-

ress this problem, we implemented different data augmentation 

echniques that include random contrast, random brightness and 

andom hue, however, we observe that it is more suitable to em- 

loy image pre-processing techniques, such as adaptive histogram 

qualization, before the normalization of an image with Vahandane 

ormalization algorithm. 

A comprehensive comparison of the top performed state-of- 

he-art Deep CNN classifiers’ performance on the non-normalized, 
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Fig. 8. ROC of the proposed method on our dataset without normalization. 
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Table 7 

Performance results of the proposed model on different 

datasets. 

Proposed Method 

Dataset Accuracy Precision Recall F1 

Custom 95.00% 92.77% 95.06% 93.90% 

UniToPatho 90.00% 91.83% 89.10% 90.45% 

EBHI 91.1% 88.74% 94.36% 91.46% 
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tain-GAN Normalized, Stain-Net normalized and Reinhard normal- 

zed data are presented in Fig. 7 . As it can be seen from the fig-

re and the table, for the Reinhard normalized dataset, the max- 

mum accuracies of 91.4%, 88.1%, 89.9%, 86.2%, 83.5% and 83.0% 

re produced by ConvNeXt-Tiny, ConvNeXt-Base, Efficient-Net-v2- 

, Inception-v3, ResNet-v2-50 and InceptionResNet models, respec- 

ively. Moreover, we can see that the performance of the single 

eep CNN classifiers’ accuracy results varies in terms of different 

ormalization techniques. However, the variation of performance 

or the proposed method for different normalization techniques is 

elatively small. Thus, this minor variation shows that the proposed 

odel is more robust to input variations in the given datasets and 

eneralizes better than the single model classifiers. 

As it can be seen in Tables A.8 to A.13 , the most significant per-

ormance gap for the proposed method and the base classifiers is 

btained for the non-normalized and Stain-Net normalized data. 

he proposed method increased the overall accuracy for the non- 

ormalized and Stain-Net normalized data by 6%, for Vahandane 

ormalized data by 4%, and for the Stain-GAN and Macenko nor- 

alized data by 2%. The best accuracy of the ensemble method 

s achieved for the Stain-Net normalized data with an accuracy 

f 95% which is followed by Efficient-Net-v2-S with 89%. The ROC 

urves of the proposed method for the non-normalized dataset and 

tain-Net normalized dataset are presented on Fig. 8 and Fig. 9 , 

espectively. The results of the experiments show that the perfor- 

ance of the proposed ensemble model is satisfactory on all the 

ormalized datasets and non-normalized dataset. Especially, the 

esults on the non-normalized dataset show that the proposed en- 

emble model has a sufficient generalization ability since the im- 

ges on the dataset differ in terms of color intensity. 

.1. Generalization test 

In order to test the generalization ability of the model, colonic 

denomatous and non-adenomatous images are employed from 

oth the UniToPatho and EBHI datasets. The obtained images are 

ed into the model that is trained on our non-normalized dataset, 

ith fine-tuning. Overall accuracies of 91.1% and 90% are achieved 

or EBHI and UniToPatho datasets, respectively. The performance 

etrics of the proposed model on UnitoPatho and EBHI are present 

n Table 7 . ROC curves of the generalization test are given in 

igs. 10 , 11 . 
9 
Additionally, confusion matrices for the proposed method on 

nitoPatho, EBHI and Custom Collected datasets are given in the 

igs. 12 , 13 , and 14 . 

.2. Grad-CAM results of the proposed method 

To see the proposed models’ class activations maps, gradient- 

eighted class activation mapping (Grad-CAM) method is em- 

loyed [49] . Grad-CAM method explains the operation of a deep 

odel by using the activation maps of a model in which the more 

ocused regions are highlighted with a red color while the less at- 

ention grasping regions highlighted with yellow to blue colors. 

he Figs. 15 and 16 show the Grad-CAM results of the proposed 

odel, which ensembles ConvNeXt-Tiny and ConvNeXt-Base. As 

t can be seen from the figures, the proposed model focuses on 

he spatially distant cell structures to classify an image. Further- 

ore, Grad-CAM outputs of the proposed model for the patholog- 

cal image can provide insight to a pathologist by explaining why 

n image is classified as adenomatous or non-adenomatous by the 

odel. 

. Discussion 

In this work, we propose an ensemble method which em- 

loys the recently proposed ConvNeXt variants for polyp classi- 

cation on Stain-Net normalized histopathology images. The pro- 

osed method combines two separately fine-tuned ConvNeXt vari- 

nts, namely ConvNeXt-Tiny and ConvNeXt-Base. The base models 

re tailored to the classification problem by network modifications 

t the image representation levels. The performance of the ensem- 

le method is compared with the state-of-the-art deep CNN mod- 
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Fig. 9. ROC of the proposed method on our dataset with Stain-Net normalization. 

Fig. 10. ROC of the proposed method on EBHI dataset. 
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ls and attention-based models on a custom colonic histological 

ataset. As a result, comprehensive experiments indicate that the 

nsemble of baseline models performs better than baseline models 

lone. 

Ensemble methods are used in cancer classification tasks on 

reast, and colon histology images [7,14,26–29] . However, ensem- 

le methods were not used in the colonic adenomatous polyp de- 

ection from the histology images. In the literature, researchers 

enerally employ Deep CNN models alone. For example, in their 

ork, Korbar et al. [16] employed various ResNet-50 variants and 

elected the best-performed variant, which achieved 91.3% accu- 
10 
acy on their dataset. Byeon et al. implemented EfficientNet for 

olon polyp subtype classification and achieved an overall F1 score 

f 98.8 on their dataset [50] . Iizuka et al. employed Inception- 

3 to differentiate adenomatous, non-adenomatous and cancer- 

us tissues on histopathology images and achieved an accuracy of 

6% [6] . 

During the experimental setup, we implemented ResNet50, Ef- 

cientNet, Inception-v3 and compared the performance with our 

roposed method on the custom collected dataset. The proposed 

ethod achieves an accuracy of 93.75%, while ResNet50, Efficient- 

et and Inception-v3 achieve accuracies of 76.25%, 86.25% and 
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Fig. 11. ROC of the proposed method on UniToPatho dataset. 

Fig. 12. Confusion Matrix of the proposed method on EBHI dataset. 
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2.5% on the custom collected dataset, respectively. The gap in 

he model’s performance on our custom-collected dataset and their 

ataset may be caused by the different domain distributions of the 

atasets. 

In the literature, the models are generally tested against spe- 

ific custom datasets. Since the models are developed for a specific 

ataset, they may not work well on the other datasets. Thus, this 

ight be a drawback for real-world applications. To overcome this 

ssue, researchers use publicly available datasets for benchmarking 

he models that are built for a custom dataset [2,7,22,23,51] . There- 

ore, in this work, additional experiments are conducted to explore 
11 
he performance of the proposed model on two publicly available 

atasets, UniToPatho and EBHI. The proposed method outperforms 

he other methods by attaining 90% and 91.1% on UniToPatho and 

BHI, while other methods in the literature achieve an accuracy of 

4.29% and 66.55% on UniToPatho dataset [22,23] . These accuracy 

esults demonstrate that the proposed model has promising gener- 

lization ability for different datasets and has the potential to work 

n real-life scenarios. 

To increase the models’ generalization ability, stain normal- 

zation techniques are widely employed by researchers on HI. 

n contrast to the previous studies which make polyp classifica- 
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Fig. 13. Confusion Matrix of the proposed method on UniToPatho dataset. 

Fig. 14. Confusion Matrix of the proposed method on Custom Collected dataset. 
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ion on HI, in this study, stain normalization techniques are com- 

ined with an ensemble model. To the best of our knowledge, 

here is a limited number of studies which incorporates stain nor- 

alization methods for colon polyp classification on histopathol- 

gy images [20] . In the literature, Perlo et al. use only Macenko 

ormalization technique for polyp classification on histopathol- 

gy images [20] . However, during the experiments, we observed 

hat the performance of normalization techniques significantly dif- 
12 
ers for different classifiers. Therefore, combining various classifiers 

ith different stain normalization techniques produced more ben- 

ficial outputs. 

When it comes to medical image analysis, the black-box nature 

f the AI methods might restrict their usage in real applications. In 

ecent years, this has sparked debates about the usage and neces- 

ity of explainability of opaque algorithms [52] . There have been 

fforts to overcome this problem by introducing several tools for 
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Fig. 15. Grad-CAM results of adenomatous images. 

c

s

c

e

t

s

fl

b

A

i

o

b

i

p

G

e

h

e

m

[

w

m

[

v

f

t

e

a

ontemporary deep learning models [53] . The main approach to 

olve the problem is to provide the underlying reason for the de- 

ision as an auxiliary output to the clinician. This output could be 

ither verbal or visual cues. This would be useful, especially when 

here is a mismatch between the clinician’s and the system’s deci- 

ions. In this case, the visual output might help to resolve the con- 

ict. The clinician can check why the system diagnosed differently 

y evaluating the cues about the decision process of the system. 

s an interpretability method, the proposed system highlights the 

mage regions which affected the decision most. As it was used in 

ther medical image computing applications [54] , an attribution- 

ased explainability method, Grad-Cam, is employed. Various stud- 

es use Grad-Cam to assists during the decision-making process of 

athologists [2,6,11,15,17,21,50,55,56] . In their work, [21] passed the 

rad-Cam outputs to the expert pathologists to evaluate the mod- 
13 
ls’ performance to find a model that approximates most to the 

uman interpreters [2] . provided Grad-Cam outputs to experts for 

valuation of their model. Further, [56] and [55] used Grad-Cam 

ethod to provide the explainability of the model. In their work, 

6] used Grad-Cam outputs to compare their models’ performance 

ith pathologists and medical school students [50] . evaluated their 

odel by using the Grad-Cam outputs for different polyp types 

15] . annotated the region of interest using Grad-Cam [17] . pro- 

ided Grad-Cam results to pathologists for decision support. 

In this study, the interpretability of the Grad-Cam outputs is 

ound to be mostly in line with the pathologist’s expectations in 

he initial tests. However, the full investigation and an objective 

valuation of the explainability of the system on the full dataset 

re left for future study. 
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Fig. 16. Grad-CAM results of non-adenomatous images. 
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In future work, by collecting more colonic histological images, 

he performance of the proposed method can be explored for 

ulti-class classification of the adenomatous images. Moreover, for 

he multi-class classification purpose outputs of the base classi- 

ers can be combined in a weighted fashion, so that the ensemble 

odel can give more weight to a better-performing base classifier 

or a specific task. 
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Table A.11 

Accuracy results of the baseline models and the proposed model on our dataset 

with Reinhard normalization. 

Classifier Accuracy Precision Recall F1 Score 

ConvNeXt-L 86.88% 83.54% 76.74% 80.00% 

ConvNeXt-B-21k-ft-1k 86.67% 79.76% 72.04% 75.71% 
ppendix A. Tables 

Table A.8 

Accuracy results of the baseline models and the proposed model on our dataset 

without normalization. 
Classifier Accuracy Precision Recall F1 Score 

ConvNeXt-L 84.38% 73.42% 59.18% 65.54% 

ConvNeXt-B-21k 80.63% 77.22% 70.93% 73.94% 

ConvNeXt-B-21k-ft-1k 81.25% 70.89% 57.73% 63.64% 

ConvNeXt-S 78.13% 69.62% 58.51% 63.58% 

ConvNeXt-T 87.50% 82.28% 73.03% 77.38% 

Inception-v3 82.50% 74.68% 63.44% 68.60% 

ResNet-v2-50 76.25% 67.09% 55.79% 60.92% 

ResNet-v2-101 79.81% 69.72% 61.79% 65.52% 

InceptionResNet-v2 86.25% 81.01% 71.91% 76.19% 

ViT 78.13% 60.76% 44.44% 51.34% 

EfficientNet-v2-s 86.25% 86.08% 83.95% 85.00% 

EfficientNet-v2-s-21k-ft-1k 85.00% 84.81% 82.72% 83.75% 

EfficientNet-v2-s-21k 85.63% 87.34% 88.46% 87.90% 

Proposed Method 93.75% 93.58% 93.58% 93.58% 

Table A.9 

Accuracy results of the baseline models and the proposed model on our dataset 

with Stain-Net normalization. 

Classifier Accuracy Precision Recall F1 Score 

ConvNeXt-L 83.13% 78.48% 70.45% 74.25% 

ConvNeXt-B-21k-ft-1k 86.25% 86.08% 83.95% 85.00% 

ConvNeXt-B-21k-ft-1k 66.25% 50.63% 38.10% 43.48% 

ConvNeXt-S 81.25% 70.89% 57.73% 63.64% 

ConvNeXt-T 85.00% 78.48% 68.13% 72.94% 

Inception-v3 80.00% 73.42% 63.74% 68.24% 

ResNet-v2-50 78.13% 69.62% 58.51% 63.58% 

ResNet-v2-101 77.36% 64.56% 51.00% 56.98% 

InceptionResNet-v2 81.88% 75.95% 66.67% 71.01% 

ViT 75.63% 62.03% 48.04% 54.14% 

EfficientNet-v2-s 88.68% 88.61% 87.50% 88.05% 

EfficientNet-v2-s-21k-ft-1k 86.88% 84.81% 79.76% 82.21% 

EfficientNet-v2-s-21k 89.38% 83.54% 73.33% 78.11% 

Proposed Method 95.00% 92.77% 95.06% 93.90% 

Table A.10 

Accuracy results of the baseline models and the proposed model on our dataset 

with Stain-GAN normalization. 

Classifier Accuracy Precision Recall F1 Score 

ConvNeXt-L 88.75% 81.01% 68.82% 74.42% 

ConvNeXt-B-21k-ft-1k 80.00% 67.09% 52.48% 58.89% 

ConvNeXt-B-21k-ft-1k 80.63% 67.09% 51.96% 58.56% 

ConvNeXt-S 83.75% 73.42% 59.79% 65.91% 

ConvNeXt-T 83.75% 78.48% 69.66% 73.81% 

Inception-v3 85.53% 76.92% 63.83% 69.77% 

ResNet-v2-50 82.50% 72.15% 58.76% 64.77% 

ResNet-v2-101 83.13% 77.22% 67.78% 72.19% 

InceptionResNet-v2 82.50% 78.48% 71.26% 74.70% 

ViT 48.13% 47.50% 46.91% 47.20% 

EfficientNet-v2-s 87.50% 83.54% 75.86% 79.52% 

EfficientNet-v2-s-21k-ft-1k 90.00% 88.61% 84.34% 86.42% 

EfficientNet-v2-s-21k 89.44% 88.61% 84.34% 86.42% 

Proposed Method 92.50% 92.41% 90.12% 91.25% 

ConvNeXt-B-21k-ft-1k 88.13% 83.54% 75.00% 79.04% 

ConvNeXt-S 86.88% 82.28% 73.86% 77.84% 

ConvNeXt-T 91.36% 90.12% 87.95% 89.02% 

Inception-v3 86.25% 79.75% 69.23% 74.12% 

ResNet-v2-50 82.50% 72.15% 58.76% 64.77% 

ResNet-v2-101 80.00% 67.09% 52.48% 58.89% 

InceptionResNet-v2 83.02% 76.92% 66.67% 71.43% 

ViT 55.33% 57.97% 55.56% 56.74% 

EfficientNet-v2-s 89.38% 87.34% 82.14% 84.66% 

EfficientNet-v2-s-21k-ft-1k 89.87% 86.08% 80.00% 82.93% 

EfficientNet-v2-s-21k 89.38% 83.54% 73.33% 78.11% 

Proposed Method 91.88% 92.31% 88.89% 90.57% 

Table A.12 

Accuracy results of the baseline models and the proposed model on our dataset 

with Vahandane normalization. 

Classifier Accuracy Precision Recall F1 Score 

ConvNeXt-L 81.25% 74.68% 64.84% 69.41% 

ConvNeXt-B-21k-ft-1k 57.50% 43.04% 33.01% 37.36% 

ConvNeXt-B-21k-ft-1k 54.38% 44.30% 36.46% 40.00% 

ConvNeXt-S 71.88% 76.56% 60.49% 67.59% 

ConvNeXt-T 82.50% 77.22% 68.54% 72.62% 

Inception-v3 75.74% 67.05% 60.20% 63.44% 

ResNet-v2-50 77.50% 68.35% 56.84% 62.07% 

ResNet-v2-101 71.25% 56.96% 43.69% 49.45% 

InceptionResNet-v2 80.00% 74.68% 66.29% 70.24% 

ViT 58.13% 64.56% 72.86% 68.46% 

EfficientNet-v2-s 83.13% 79.75% 73.26% 76.36% 

EfficientNet-v2-s-21k-ft-1k 83.75% 89.55% 74.07% 81.08% 

EfficientNet-v2-s-21k 84.13% 75.23% 68.33% 71.62% 

Proposed Method 88.82% 87.65% 86.59% 87.12% 

Table A.13 

Accuracy results of the baseline models and the proposed model on our dataset 

with Macenko normalization. 

Classifier Accuracy Precision Recall F1 Score 

ConvNeXt-L 84.38% 73.42% 59.18% 65.54% 

ConvNeXt-B-21k-ft-1k 74.38% 58.23% 43.40% 49.73% 

ConvNeXt-B-21k-ft-1k 88.13% 86.08% 80.95% 83.44% 

ConvNeXt-S 83.75% 74.68% 62.11% 67.82% 

ConvNeXt-T 88.75% 83.54% 74.16% 78.57% 

Inception-v3 82.50% 73.42% 61.05% 66.67% 

ResNet-v2-50 75.63% 62.03% 48.04% 54.14% 

ResNet-v2-101 74.21% 61.54% 48.00% 53.93% 

InceptionResNet-v2 79.38% 65.82% 50.98% 57.46% 

ViT 59.12% 55.70% 51.76% 53.66% 

EfficientNet-v2-s 85.00% 78.48% 68.13% 72.94% 

EfficientNet-v2-s-21k-ft-1k 89.31% 88.61% 86.42% 87.50% 

EfficientNet-v2-s-21k 88.75% 88.61% 86.42% 87.50% 

Proposed Method 91.93% 88.37% 92.68% 90.48% 
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