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A B S T R A C T

Routine pathology assessment for the tumor grading is currently performed under the microscope 
by experienced pathologists which might be prone to interpersonal variability and requiring years 
of experience. Over the past decade, with the help of whole-slide scanning technology, it is now 
possible to generate whole-slide images. Indeed, this provides an opportunity to extract vision- 
based information latent in these images and automate and assist pathologists in their daily 
workflow. In this process, key machine learning algorithms have been developed enabling an 
automatic segmentation of pathology slides. Here, in this study, we present a novel dataset for 
Colorectal Cancer Tumor Grade Segmentation, which contains a total of 103 whole-slide images. 
The ground-truth annotations for these images were obtained from two independent pathologists. 
The annotations include pixelwise segmentation masks for “Grade-1”, “Grade-2”, “Grade-3” 
tumor classes, and “Normal-mucosa” for the normal class. To establish baseline results for this 
dataset, we trained and evaluated prominent convolutional neural network and transformer 
models. Our results show that SwinT, a transformer-based model, achieves 63 % mean-dice score, 
outperforming other transformer-based models and all CNN based models, aligning with the 
recent success of transformer-based models in the field of computer vision. Most importantly, our 
new dataset addresses the absence of publicly available datasets for tumor segmentation. Taken 
together, the findings from our study indicate that integrating various deep neural network 
structures is promising at facilitating a more unbiased and consistent tumor grading of colorectal 
cancer using a novel dataset which is publicly available to all researchers.
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1. Introduction

Colorectal cancer (CRC) is the third most common type of cancer worldwide affecting more than 1.8 million new patients [1]. 
Colorectal cancer is the second most common cause of death for cancer patients globally in terms of cancer-related death rates [2]. By 
2043, it is anticipated that there would be 3.2 million CRC cases globally [3]. Due to its diverse pathophysiology, CRC has several 
subtypes that have been identified to impact prognosis and therapy response [4].

The large intestine, which is divided into the colon, cecum, and rectum, is a part of the digestive tract. Examination of colon cancer 
biopsies collected via colonoscopy or surgical excision is a part of standard histopathologic evaluation. Differentiating benign neo
plasms from malignant ones and determining the tumor’s grade are essential tasks for pathologists in their routine practise [5]. The 
tissue slides are examined under the light microscope based on pattern formation, shape of the cells, nucleus/cytoplasm ratio and 
staining density of the nucleus [5]. More than 90 % of colorectal carcinomas are adenocarcinomas originating from epithelial cells of 
the colorectal mucosa and as a result, CRC, which is an adenocarcinoma, is classified into 3 main categories namely grade-1, grade-2, 
and grade-3. Conventional adenocarcinoma is characterized by glandular formation, which is the basis for histologic tumor grading. In 
well differentiated adenocarcinoma (grade-1) >95 % of the tumor is in gland forming formation. Moderately differentiated adeno
carcinoma shows 50–95 % gland formation (grade-2). Poorly differentiated adenocarcinoma is mostly solid with <50 % gland for
mation (grade-3). In practice, most colorectal adenocarcinomas (~70 %) are diagnosed as moderately differentiated. Well and poorly 
differentiated carcinomas account for 10 % and 20 %, respectively. Identification of tumor grade is one of the critical tasks as it is 
associated with patient prognosis indicating a strong relationship between poor differentiation and adverse outcome [6,7] and plays an 
important role in making appropriate decision for the treatment [6–8].

Histopathological grade is prone to variation among different observers. The clinical practice is based on microscopic observations 
which may take time and effort [9]. The decision-making process is frequently challenging and may be rate-limited due to inter- and 
intra-observer variability and human error [10]. The experience and knowledge of pathologists with the task can also be a compli
cating step on top of this variability. In addition, there are significant global disparities in the distribution of pathologists, with some 
regions having as few as three pathologists per million [11]. To overcome these barriers, studies developed Machine Learning (ML) and 
Deep Learning (DL) based algorithms utilizing histopathology images for object detection and analysis [12].

Fast and accurate identification of histopathological features made possible by DL models has aided in the advancement of the 
digital pathology field [12,13]. DL models developed and applied to histopathology images included convolutional neural networks 
(CNN) and transformer-based models [14–18].

Unlike natural scene images, whole slide images (WSI) are gigapixel size images which is one of the main difficulties of pixel-level 
segmentation task as well as finding publicly available annotated datasets. In computational pathology, a variety of datasets with 
different annotation levels are presented for semantic segmentation in general. Going from weakly-supervised to fully supervised, 
these annotation types include but are not limited to: slide-level annotation [19], region-level annotation [20], patch-level annotation [21] 
and pixel-level annotation [19]. Histopathology semantic segmentation favors pixel-level annotation the most since it contains extensive 
information. However, pixel-level annotation is costly since it requires expert knowledge. Hence, most of the available datasets for our 
problem of histopathology colon cancer grade segmentation are inconsistent in terms of annotation level as well as class taxonomy 
definition they present [19–25,54–60].

The prevalent approach in the medical image segmentation literature is binary segmentation, that is, the computational model 
attempts to segment tumor-vs-healthy tissues only [26–30]. Although there are studies on MRI image tumor segmentation [61], the 
exploration of multi-class segmentation remains relatively sparse in the histopathology literature. The class definitions used in existing 
work [31,32] is inconsistent with ours. Furthermore, each work focus on a tissue type collected from various distinct target organs 
hence utilize different datasets [20,21,25]. In order to exploit patch-level, region-level and slide-level annotated data sets into 
pixel-level segmentation problem different methods are utilized: (a) patch classifier followed by a merging algorithm to obtain final 
prediction is commonly used [26,28,31–33], (b) multi-stage methods that incorporate global image context to patch feature repre
sentation by using encoder-decoder segmentation models following patch classifiers [34] (c) weakly-supervised learning strategies 
such as patch based classifier with MIL aggregator [27]. The main limitations of the aforementioned methods are: (1) Patch-based 
methods generally lack global image context failing to capture semantic relations within the same grade and/or across different 
grade tissues. (2) Most multi-stage and single stage patch-classifier based methods report performance on binary segmentation 
problems only. (3) Multi-class semantic segmentation methods utilize datasets with distinct grading taxonomy that are unique to 
specific problem definitions.

In this study, we present a new dataset of tumor grade segmentation in colorectal cancer. To the best of our knowledge, it is the first 
dataset that includes Grade 1, 2, and 3 tumors, and normal mucosa classes. We provide dense, pixel-wise segmentation masks for these 
classes, created by pathologists. On this dataset, we trained and evaluated state-of-the-art artificial deep neural network segmentation 
models. We provide the segmentation performances of CNN-based and transformer-based models as baseline results. We provide the 
dataset, as well as the models we trained on this dataset publicly available at https://eakbas.github.io/metu-cctgs/.

2. Materials and methods

2.1. Patients

The Ankara Bilkent City Hospital Ethics Committee has formally approved the use of whole-slide images (WSIs), data sharing, and 
access to basic clinical information for this research by decision number EK-21-1778 on April 28, 2021. All data related to this study, 
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including WSIs and basic clinical information, are acquired and shared in accordance with established ethical standards.

2.2. Sample processing

All experiments were performed using a colon adenocarcinoma histopathology dataset collected from Ankara Bilkent City Hospital 
as part of this study. The dataset contains a total of 103 tissue samples from 103 colon cancer patients.

All the biopsy samples were fixed in formalin and processed in automated machine (Tissue-Tek VIP 6 AI, Sakura Finetek Tokyo, 
Japan). The tissues were embedded in paraffin blocks and standard 4-μm thick slices were prepared. The slides were stained with 

Fig. 1. (a) Workflow diagram of the proposed method explaining each steps (b) Encoder-Decoder Segmentation Model Architecture with an 
example WSI input and corresponding segmentation mask output.

D. Arslan et al.                                                                                                                                                                                                         



Heliyon 11 (2025) e42467

4

Hematoxylin and Eosin (H&E), that is standard examination dye for routine histopathology practice, with an autostainer (Tissue-Tek 
Film, Sakura Finetek Tokyo, Japan) and mounted with coverslips. Finally, pathologists experienced for colorectal carcinoma made the 
histopathological diagnosis under the light microscope (Nikon Eclipse Ni-U, Nikon Corporation, Tokyo, Japan) with x4, x10 and x20 
objectives. After that representative slides were selected for the study.

Slides were scanned at 0.25 μm/pixel resolution with Leico Aperia CS2 digital scanner. The annotations for various classes in colon 
adenocarcinomas and their distinctive features were carried out by two independent pathologists using QuPath [45]. These classes 
included grade-1 (well-differentiated with regular glands), grade-2 (moderately differentiated with some irregularity), and grade-3 
(poorly differentiated with high disorganization), as well as lymphovascular invasion, muscularis propria, adipose tissue, normal 
mucosa, and stroma, each with their specific defining characteristics. On the other hand, the regions which do not belong to “grade-1”, 
“grade-2” or “grade-3” tumors and “normal-mucosa” classes were assigned to “others” class including glass-plate and non-cancer tissue 
regions.

The whole dataset (103 WSI) was divided into training, validation and testing sets, containing 70 %, 15 % and 15 % of all images, 
respectively. The stratified random sampling was used to keep the ratio between the classes similar at the level of pixels. All of the 
hyperparameter searches were conducted on the validation set. Quantitative and qualitative performance evaluations were performed 
on the test set.

2.3. Deep learning algorithms

Semantic segmentation of images is a fundamental task in computer vision, commonly addressed through artificial deep neural 
networks [26,32,34–40]. Two prevalent model types are convolutional neural networks (CNN) [35,39–42] and transformer-based 
models [37,38,43]. Notable models include Fully Convolutional Networks [39], UNets [35] for CNNs, and ViT [43] and SwinT 
[37] for transformers. CNNs employ small convolution filters followed by non-linear activation functions like ReLU [44], applied 
sequentially for deep, feed-forward processing [42]. In contrast, transformers extract feature vectors from small patches in the image, 
and then these feature vectors “talk” to each other and modify themselves through a mechanism called self-attention [46]. In CNNs, 
neurons in early layers have small receptive fields, however, these fields grow with the depth of the network, thereby achieving a type 
of multiscale nature of processing [42]. In contrast, in transformers, after local features are extracted, the whole processing is global in 
the sense that each pair of patches influence each other. While CNNs have useful inductive biases such as translation equivariance, 
transformer’s power lies in modeling both local features and their global context within the image. Despite transformers surpassing 
CNNs in recent years on segmentation tasks [38], the ongoing debate on “which model type is superior” remains inconclusive [12]. In 
this paper, together with a novel dataset of tumor grade segmentation, we present segmentation results of widely used CNN and 
transformer models. Namely, we use DeepLabV3+ [40], UNet [35] and ConvNeXt [41] to represent the CNNs; and SwinTransformer 
[37] and SegFormer [38] to represent transformers. Fig. 1(a) illustrates a summary of the proposed methodology, while Fig. 1(b) 
presents a general schematic diagram of the proposed encoder-decoder based segmentation approaches utilized in this study.

2.4. Performance evaluation

For quantitative performance assessment, we first evaluate Precision, Recall and DSC metrics for each of 5 classes (Tumor Grade-1, 
Tumor Grade-2, Tumor Grade-3, Normal Mucosa and Others) as follows: 

Precisionc =
TPc

TPc + FPc
(1) 

Recallc =
TPc

TPc + FNc
(2) 

DSCc =
2TPc

2TPc + FPc + FNc
(3) 

where TPc, FPc and FNc represent the number of true positive, false positive and false negative number of pixel predictions in the 
predicted segmentation maps as compared to ground-truth annotation maps for a given class c ∈ {1,2, 3, 4,5} respectively. Next, we 
utilize average Precision, Recall and DSC values weighting all classes equally as: 

mPrecision=
1
C
∑C

c=1
Precisionc (4) 

mRecall=
1
C
∑C

c=1
Recallc (5) 

mDSC=
1
C
∑C

c=1
DSCc (6) 
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3. Results

3.1. Implementation details

In digital pathology, tackling a gigapixel sized WSI for a pixel-wise semantic segmentation task is practically infeasible due to high 
memory consumption and long processing times. In this study, we have downsampled the WSIs in the dataset by a Downsampling Ratio 
(DR). DR is used as a factor by which the Width (W) and the Height (H) of the images are divided with so that the resulting down 
sampled image has dimensions (W/DR) x (H/DR). DR was set as a hyperparameter which we have searched over the set of allowable 
range within {20, 40, 60, 80} that is limited by the GPU memory. Ground-truth segmentation masks were also scaled by the same DR 
using bilinear-interpolation. For all of the experiments DR was set to 60. In order to allow for batch processing, we take random crops 
of equal size during training since images have different spatial resolutions.

DeepLabv3þ Hyperparameter Selection. For weight initialization, we have used a pre-trained DeepLabv3+ model that is pre- 
trained on Cityscapes [47] urban street scene images dataset together with its ImageNet [48] pretrained backbone. We have utilized 
Stochastic Gradient Descent (SGD) optimizer with 0.9 momentum and 0.0001 wt decay. Learning Rate for the SGD optimizer is 
searched over the set {1e-4, 5e-4, 1e-3, 5e-3, 5e-2, 1e-1} and the best performing learning rate of 0.001 is selected for reporting the 
performance evaluations. Batch size was set to 24 and distributed equally to 4 NVIDIA Tesla V100 16 GB GPUs.

In order to eliminate the class imbalance problem, which yield the model to be more prone to learn classes having larger regions 
with a greater number of pixels such as “Others” class, we have used Weighted Cross Entropy Loss, LWCE, which can be mathematically 
described as in Equation (1): 

LWCE = −
∑C

i=1
witilog(pi) (7) 

where wi is the weight of each class with i ∈ {1,2,3, 4,5} representing the class index for different classes, ti is the ground-truth label, pi 
is the model-predicted probability for each class i and C is the total class number, which is 5. Each class weight is found by dividing the 
total number of pixels in the dataset by the total number of pixels having the class label using the following formula: 

wi =

∑

j
nj

∑

j
nij

(8) 

where nj is the total number of pixels in j-th image with j ∈ {1,2, 3,…,103} and nij is the total number of pixels belonging to i-th class 
index in j-th image with i ∈ {1,2,3,4,5}.

UNet Hyperparameter Selection. We refer to a compound architecture consisting of a U-Net [35] backbone, and a PSPNet [36] 
decode head as “UNet” for simplicity. We have initialized the network with the weights of the same network trained on the STARE [49] 
dataset.

We adopted SGD optimizer with momentum value of 0.9, where weight decay and learning rate for the optimizer were treated as 
nuisance parameters during the experiments and were ultimately set to 5e-4 and 1e-2, respectively. We have divided the learning rate 
by a factor of ten when training loss stopped decreasing. Random crop size was set to 640x640, and batch size was set to 28 (equally 
distributed among four 16 GB NVIDIA Tesla GPUs). Regarding the data augmentation, we have utilized random rotate, random crop, 
random horizontal/vertical flip, photometric distortion, and normalization.

Dice loss [50] was utilized to procure the imbalance prevalent in the dataset, without explicitly setting weights to each class. It can 
be expressed as in Equation (3): 

LD =

∑C

i=1

⎛

⎝1 −

2*
∑

N
pigi

∑

N
p2

i +
∑

N
g2
i

⎞

⎠

C
(9) 

where pi is the predicted probability, and gi is the binary classification ground-truth for class i.
SwinTransformer parameter selection. We have used the small model which was pre-trained on ImageNet 1K dataset. We have 

used UperNet [51] framework, and the backbone is SwinTransformer [37]. We have selected window size as 7 and image size as 
224x224. We have utilized Adaptive Moment Estimation [52] (Adam) optimizer with 0.9 momentum and 1e-4 weight decay. We have 
searched for learning rate over the set {1e-5, 5e-4, 1e-4, 5e-3, 1e-3, 5e-2, 1e-2, 1e-1} and the best performing learning rate was 1e-4. 
We have used Weighted Cross Entropy Loss. Regarding the data augmentation, we have utilized random rotate, random crop, random 
horizontal/vertical flip, photometric distortion, and normalization. Batch size was set to 24 and distributed equally to 4 NVIDIA TESLA 
V100 16 GB GPUs. Random crop size was set to 224x224.

SegFormer parameter selection. We have used the SegFormer [38] model which was pre-trained on ADE20K [53] dataset. We 
have utilized Adam optimizer with 0.9 momentum and 1e-4 weight decay. We have searched for learning rate over the set { 1e-5, 5e-4, 
1e-4, 5e-3, 1e-3, 5e-2, 1e-2, 1e-1 } and the best performing learning rate was 1e-4. We have used Weighted Cross Entropy Loss. 
Regarding the data augmentation, we have utilized random rotate, random crop, random horizontal/vertical flip, photometric 
distortion, and normalization. Batch size was set to 24 and distributed equally to 4 NVIDIA TESLA V100 16 GB GPUs. Random crop size 
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was set to 224x224.
ConvNext parameter selection. We have used the model which was pre-trained on ADE20K dataset. The decode head is UperNet 

and the backbone is ConvNext [41]. We have utilized Adam optimizer with 0.9 momentum and 1e-4 weight decay. We have searched 
for learning rate over the set {1e-5, 5e-4, 1e-4, 5e-3, 1e-3, 5e-2, 1e-2, 1e-1} and the best performing learning rate was 1e-4. We have 
used Weighted Cross Entropy Loss. Regarding the data augmentation, we have utilized random rotate, random crop, random hori
zontal/vertical flip, photometric distortion, and normalization. Batch size was set to 24 and distributed equally to 4 NVIDIA TESLA 
V100 16 GB GPUs. Random crop size was set to 224x224.

3.2. Results

In this study, we evaluated various convolutional neural network (CNN) and Transformer-based encoder-decoder segmentation 
models on our novel dataset of colon cancer histopathology images. The goal was to achieve semantic segmentation of five distinct 
classes: Tumors of Grade-1, Grade-2, Grade-3, Normal Mucosa, and Others. Table 1 summarizes the segmentation performance of each 
model, measured using the Dice Score metric for each class, along with the average Dice Score across all classes.

The Swin model, a Transformer-based encoder-decoder architecture, achieved the highest average Dice Score of 62.92 %, whereas 
the SegFormer model obtained the lowest average Dice Score of 45.07 %. Among CNN-based models, UNet, DeepLabv3+, and Con
vNext exhibited comparable performance with average Dice Scores of 54.23 %, 52.31 %, and 56.24 %, respectively. Furthermore, the 
Swin model outperformed all other models in terms of average precision (60.94 %) and recall (69.63 %).

For individual segmentation classes, the highest Dice Scores were achieved with different models. Specifically, DeepLabv3+
attained the best Dice Score for Tumor Grade-1 (58.95 %), Swin achieved the best scores for Tumor Grade-2 (56.16 %) and Tumor 
Grade-3 (77.32 %), while ConvNext achieved the highest Dice Scores for Normal Mucosa (77.81 %) and Others (95.10 %). Qualitative 
visual results corresponding to these findings are presented in Fig. 2 for top-3 best performing models of Swin, ConvNext and UNet.

Qualitative results indicate that most models demonstrate relatively high accuracy in segmenting Normal Mucosa tissue, partic
ularly with high precision along tissue boundaries. However, significant class confusion is observed between Tumor Grade-1 and 
Grade-2 across these models. Additionally, false positive detections are more frequently observed for Tumor Grade-3 compared to 
other tissue classes.

4. Discussion

In digital histopathology, the acquisition of WSIs through diverse scanning devices as well as tissue preparation and staining across 
different laboratories introduce potential sources of domain shift, thereby posing a possible limitation to generalization ability of 
segmentation models trained within a specific domain only. It is important to note that our study exclusively leverages training, 
validation, and test datasets that are obtained from a single laboratory using the same WSI scanner.

Primarily, the absence of external dataset validation restricts the comprehensive evaluation of our models’ performance. While our 
study introduced and assessed models on a novel dataset, the lack of validation across diverse datasets hampers a full understanding of 
its adaptability to varied data distributions. Future studies should aim to incorporate external datasets to fortify our models’ robustness 
and generalizability. Another limitation of our dataset is that the number of training images is small, amounting to only 73 images. 
Albeit small, a similar, publicly available dataset does not exist. Increasing the training data substantially is expected to enhance 
segmentation performance. Nevertheless, the process of collecting annotated data poses challenges, encompassing tasks such as 
acquiring data from hospitals/institutions, obtaining permits, securing ethical board approvals, and engaging expert pathologists for 
annotations, who are often occupied with clinical responsibilities. Moreover, our reliance on data from a single center may limit 
models’ applicability in diverse clinical settings. Some techniques only focus on small morphological features like both color and 
texture, as well as how glands are shaped in tissues. These methods might not work properly if the staining of the tissue varies or if the 
glands in colon tumors look different from the usual pattern. To enhance the reliability in real-world scenarios, future research should 
encompass data from multiple centers to capture a wider spectrum of tissue sample variations. Furthermore, to address domain shift 
problems in general, prospective research will be dedicated to investigation of novel, scanner & staining-agnostic methodologies for 
segmentation of tumor grades. Another area for consideration pertains to our focus on “others” class without a comprehensive clas
sification of specific non-cancerous cell types within this category. The intricate composition of non-cancerous cells within normal 
tissue might impact the model precision. Future investigations should include detailed classification of these cell types, thus refining 

Table 1 
Tumor and healthy tissue segmentation performance on the dataset. (Average Dice Score (DSC) %, average Precision%, average Recall% and DSC % for 
each class.).

Model Average Tumor Grade-1 Tumor Grade-2. Tumor Grade-3 Normal Mucosa Others

mDSC mPrecision mRecall

DeepLabv3+ 52.31 51.52 62.35 58.95 21.75 33.34 56.91 90.58
Swin 62.92 60.94 69.63 51.23 56.16 77.32 70.60 94.01
ConvNext 56.24 54.70 61.42 52.46 09.15 46.70 77.81 95.10
SegFormer 45.07 56.44 50.52 18.02 39.75 40.18 33.44 93.95
UNet 54.23 50.59 64.88 49.59 31.37 34.45 65.88 89.97
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the model’s specificity and clinical relevance. Furthermore, the absence of patient follow-up data and survival analysis limits the 
clinical implications of our findings. Understanding patient outcomes in relation to tumor grading is key for assessing the prognostic 
value of the developed model. Incorporating survival analysis in future studies will facilitate a deeper comprehension of a model’s 
performance in predicting tumor grading and its correlation with patient prognosis, thereby enhancing their clinical utility.

We acknowledge the limitation of the current study regarding the sample size and the use of data from a single institution. Our 
dataset, consisting of 103 whole slide images (WSIs), was collected with considerable effort, navigating various logistical, ethical, and 
administrative constraints. While we recognize that increasing the number of WSIs and incorporating data from multiple centers under 
consistent experimental conditions would significantly enhance the generalizability and robustness of our findings, such an expansion 
was beyond the feasible scope of this study. Nonetheless, we fully appreciate the importance of addressing this limitation and are 
committed to pursuing strategies for multi-center collaborations in future research. Such efforts will allow us to validate our findings 
using a more diverse and representative dataset, strengthening the reliability and applicability of our conclusions. Incorporating multi- 
center data would not only help overcome potential biases introduced by the reliance on a single-institution dataset but also increase 
the external validity of the results.
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