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The data included in this tile summarizes the items published in the journal in the JCR data year and in the previous two years. This
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Abstract Prostate cancer is a highly prevalent tumor among men and probably histologically represents one
of the most common malignant tumors in the world. The automated analysis of tissues in histopathology has
been advancing with higher accuracy rates using modern slide imaging techniques in combination with deep
learning approaches. Today, pathologists can examine tissue samples in detail on high-resolution digital
images thanks to whole slide imaging (WSI) images. This helps to accurately diagnose and evaluate the
grades of prostate cancer. Tasks for analyzing WSI images with deep learning methods rely heavily on WSI
images where tumor regions are marked by pathologists. This poses the challenge of marking WSI images
for pathologists. In this study, we developed deep learning-based models with transfer learning support to
classify prostate cancer grade in WSIs based on slide-level labels without the need for pathologists to mark
the images. For this aim, we collected a real-life dataset which contains WSI image data of prostate cancer
patients obtained from Kocaeli University, Department of Medical Pathology. The collected WSI data were
labeled with prostate cancer grades only which are slide-level annotations, without the identification of
regions of interest (ROIs) such as tumor regions within the tissue section. To demonstrate the contribution
of the proposed, WSI-based classification models, they are compared with patch-based models regarding
accuracy, precision, recall, and F1 score. Experimental results show that the proposed model provides high
classification accuracy for prostate cancer detection over WSI images.

1 Introduction

Prostate cancer (PCa) remains one of the most common malignancies in men and is a leading cause of cancer-
related mortality worldwide. Accurate diagnosis and staging are essential for determining the appropriate course
of treatment, particularly in assessing the aggressiveness of the tumor. A key element in this process is the Gleason
grading system, which classifies prostate tumors based on their histological architecture. The Gleason score provides
valuable prognostic information and plays a crucial role in clinical decision-making, guiding treatment strategies
such as active surveillance, surgery, or radiation therapy [1-3].

Despite its importance, manual evaluation of Gleason grades can be subjective, with significant variability
between pathologists. This inconsistency can lead to inaccurate grading and, consequently, inappropriate treatment
plans. These challenges have highlighted the need for more objective and reliable grading methods, particularly
through the use of digital pathology and artificial intelligence (AI) [3, 4].

The introduction of whole slide imaging (WSI) has revolutionized pathology by enabling high-resolution digital
scans of histopathological slides. This technology facilitates the application of deep learning models, especially con-
volutional neural networks (CNNs), to automate tumor classification and Gleason grading. Al-driven approaches
have shown significant potential in reducing inter-pathologist variability and improving the accuracy of Gleason
grading, offering a more consistent approach to prostate cancer evaluation [5, 6].
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However, using annotated WSI images presents its own set of challenges. For large tissue sections, manual
tumor-region assessment is laborious and time-consuming, prone to inter-observer variability and uncertainty.
Additionally, images of rare disease types may lead to imbalances between labeled positive and negative samples.
Medical images can also vary greatly due to differences in devices, resolutions, and imaging protocols, complicating
the process and affecting the generalization ability of Al models. Further, factors like noise and low contrast, as
well as potential errors in manual annotations, can negatively impact the performance of classification methods
[3-5].

Considering these challenges, it is important to utilize WSI images labeled only by tumor grade, without manu-
ally marking tumor regions [6]. This approach minimizes the errors associated with manual annotation and focuses
on tumor grade labeling. To address these issues, we propose a novel approach using deep learning models, partic-
ularly leveraging transfer learning-assisted methods, for prostate cancer classification without the need for manual
tumor marking. For this aim, we develop an ensemble deep learning-based WSI classification model to predict
Gleason grade groups in prostate cancer. By combining multiple deep learning models, we aim to improve classi-
fication performance, enhance the model’s capacity for generalization, and mitigate the impact of variables that
degrade image quality, such as noise, low contrast, and differences in imaging techniques. Leveraging pre-trained
CNN models and advanced machine learning techniques, our proposed approach offers a more efficient method for
utilizing unlabeled WSI images for cancer classification and diagnosis. Ultimately, this method enhances the accu-
racy and reliability of Gleason grading from biopsy samples, supporting more informed clinical decision-making
and improving patient outcomes.

To the best of our knowledge, no previous work has been done on using deep learning networks to classify cancer
grade in prostate cancer images that are labeled at the slide level with Gleason grading only and do not include
any markings for tumor areas.

Consequently, main contributions of the paper are as follows:

e Addressing the challenges of finding and working with marked pathology images, we present a novel approach for
prostate cancer classification using transfer learning-assisted deep learning models without the need for manual
marking of tumor regions.

e To increase classification performance and robustness, we employ ensemble learning techniques that involve
combining numerous deep learning models. This method not only increases the model’s capacity for generaliza-
tion, but it also reduces the impact of variables that degrade image quality, such as noise, low contrast, and
differences in imaging techniques. Our proposed approach offers an efficient method to use unlabeled WSIs for
cancer classification and diagnosis.

The rest of the paper is organized as follows. In Sect. 2, the literature review of WSI image classification studies
is presented. Section 3 briefs the methodology used in our study. In Sect. 3.3, the proposed model is described with
the associated pipelines. In Sect. 4, the experimental design, the dataset, the evaluation metrics are described,
and the experimental results are presented and discussed. Finally, the conclusions and the future directions of the
study are given in Sect. 5.

2 Literature review

This section briefly introduces literature studies on WSI image classification tasks.

WSIs are large-size images that contain background and texture images. Additionally, it may contain various
background noises. For this reason, it is often necessary to pre-process the images to train the models. Pre-processes
applied to WSIs include data augmentation, noise removal with image filtering applications, and separation of WSI
images into smaller images called patches. Looking at the literature, in most of the classification studies on medical
images, the images were divided into patches and used to train the models [7].

For example, Mi et al. [8] suggested a two-stage architecture based on machine learning and deep learning
techniques for the multi-class classification of digital pathological images of the breast. Region of interest (ROIs)
are taken from WSIs and image cutting is applied to the ROIs in the first stage to obtain patches. Afterward,
the InceptionV3 model was trained using the acquired patch images for patch-level categorization. To produce
a heatmap for each WSI, the results of classifying each patch that is a part of that WSI were used. A final
diagnosis with a diagnostic accuracy comparable to pathologists was possible because of the utilization of WSI-
level heatmaps for feature extraction in XGBoost. BreakHis and BACH, two publicly available datasets, were used
in testing the suggested method’s robustness. Concerning patch-level and WSI-level classification, the respective
overall accuracy ratings were 86.67% and 88.16%. In another study [9], Huang et al. present a deep learning
architecture named BM-Net for the classification of breast cancer in digital pathology images. The architecture
consists of a combination of MobileNet-V3 and a bilinear structure. BACH data set which has four classes of
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breast tissue was used for experimental studies. In the study where images were divided into patches, the accuracy
score obtained was 0.88. A deep convolutional neural network is used as a patch-level classifier by the authors
in [8], while XGBoost is used as a WSI-level classifier. This approach allows for the automatic classification of
breast digital pathology images into four classes: benign lesion, invasive carcinoma, ductal carcinoma in situ, and
normal tissue. A heatmap including four predicted probability values was created by training InceptionV3 as a
Patch-Level Classifier. The WSI-level classifier that they selected was XGBoost, based on a comparison of the
classification accuracy of several classifiers.

Using one of the well-known pre-trained architectures is the simplest method for training CNNs with a small
amount of input. Usually, pre-trained weights using ImageNet are used to initialize the models, and they are
fine-tuned using images of pathology. One study that used this method was [10] where the authors fine-tuned
the VGGNet, ResNet, and InceptionV4 models to determine the likelihood of tiny patches that were either TIL-
positive or TIL-negative that were taken from WSIs of 23 different cancer types. They took larger superpatches and
labeled them with three categories according to the ratio of TIL-positive area to improve the performance of region
classification. To estimate the category, super-patches were split into eight squares, each of which was assigned
a TIL-positive or TIL-negative classification. Following that, a correlation was noted between the pathologists’
annotations and the CNN score (the total number of positive patches in the super-patch). The study achieved
an accuracy score of 87.43% with the InceptionV4 model for all cancer types. In [11], training from scratch and
transfer learning were compared. The three methods of training the VGG16 network that the authors compared
were training the network from scratch, using transfer learning as a feature extractor, and fine-tuning breast
cancer pictures to identify invasive ductal carcinoma. The model that was trained from scratch produced higher
results in terms of accuracy (0.85), according to the findings. They were able to train a similar model (accuracy
0.81) ten times faster, though, thanks to transfer learning. Furthermore, compared to transfer learning by fine-
tuning (accuracy 0.51), transfer learning via feature extraction (accuracy 0.81), which required retraining part
of the convolutional blocks, produced better outcomes in less time. Researchers in [12] fine-tuned a pre-trained
ResNet18 using the ImageNet dataset to predict 5-year overall survival in renal cell cancer. Each patch was given
a probability score by CNN, and the class of a whole WSI was determined by averaging and classifying the scores
of all related patches. They employed multivariable logistic regression analysis using CNN prediction in addition
to single-stage classification with additional clinicopathological characteristics.

Remarkably, CNNs have shown themselves to be effective classifiers in the subject of histology. That being said,
they may also be used with other machine learning (ML) classifiers. A CNN algorithm was created by the authors
in [13] to automatically classify pathologic glioma (brain tumor) images into six classes. The CNN processes the
images to produce patch-level output categories. Now, depending on the quantities and ratios of tumor kinds,
the patch labels are run through a hierarchical decision tree to get the patient-level diagnosis. As a consequence,
the outcome comprises the patient-level label and the image patch-label findings. Patch level accuracy is 86.5%
and patient-level accuracy is 87.5% in the DenseNet-based research. The authors of [14] suggested MB-AI-His, a
combination of deep learning and machine learning techniques, for the automated diagnosis and categorization of
four pediatric MB subtypes. There are two stages to the diagnosing process. The first level divides each image into
normal and pathological categories, and the second level (multi-classification level) divides the abnormal images
that contain MB tumors into four subtypes of pediatric MB tumors. To extract important characteristics, three pre-
trained deep CNNs (ResNet-50, DenseNet-201, and MobileNet) are used using transfer learning. Discrete wavelet
transform (DWT) is used to extract time—frequency characteristics, which are then merged with these features.
Lastly, multi-class classification is achieved by combining spatial information with five well-known classifiers: SVM,
k-NN, Ensemble Subspace Discriminant, and Linear Discriminant Analysis. In [15], the authors present a similar
strategy. In comparison, binary classification is significantly simpler than multi-class classification of the four types
of childhood MB. Very few studies have looked at this multi-class classification challenge. Their process comprises
feature fusion and reduction using the DWT approach, spatial DL feature extraction using ten optimized CNN
architectures, and feature selection after that. A bidirectional Long-Short-Term Memory classifier is used for
classification. According to the authors of [16], they were the first to suggest a technique based on CNNs for
identifying pancreatic ductal cancer in WSIs. They used a heatmap of the chance of malignancy in conjunction
with anticipated patches and InceptionV3 as a patch-level classifier. At this phase, a Light Gradient Boosting
Machine (LightGBM) was trained for slide-level classification using statistical characteristics that were taken from
WSI heatmaps.

Studies in the literature are mostly on multi-class classification. A multi-class classifier based on deep learning
was developed in [17] to identify more types of lung abnormalities, including lung cancer. They also included
organizing pneumonia and pulmonary tuberculosis, which frequently require surgical inspection to be identified as
malignancy. They used EfficientNet and ResNet to do patch-level categorization. To combine patch predictions into
a slide-level classification, mean pooling and majority voting were compared. Additionally, a two-stage aggregation
method was used to rank the cancer tissues on slides. A deep-learning classifier was built and used by researchers
in [18] to categorize lung carcinoma samples into nine tissue groups. Then calculated spatial features from the
retrieved characteristics that characterize the tumor microenvironment’s makeup, and then combined these features
with clinical data to predict tumor mutation and patient survival. To categorize breast cancer into four categories,
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the authors in [19] handled the challenge of binary classification into benign and malignant lesions, with further
separation into eight subtypes using modified EfficientNetV2 architecture using the BreakHis dataset. The scientists
used the Grad-CAM approach to show that CNN models paid attention to the cancer cell organization patterns
while discriminating histopathological tumor pictures of different grades since neural networks act like black-box
models. Grad-CAM was also used in [20], where the authors presented the model’s findings to pathologists using
this approach to give interpretability and an approximative visual diagnosis. The algorithm classified H&E-stained
tissue patches into five categories of liver lesions, cirrhosis, and almost normal tissue using three neural networks
that were fine-tuned using a custom dataset.

Transformer-based methods are also seen in the literature. In one of these studies [21], a novel self-supervised
learning (SSL) framework called Semantically Relevant Contrastive Learning (SRCL) was introduced for feature
extraction from histopathological images. The proposed hybrid model combines CNNs and Swin Transformer
architectures to capture both local and global features effectively. SRCL enhances traditional contrastive learning
by selecting semantically relevant positive pairs from a large memory bank, improving feature diversity and repre-
sentation. The model was pretrained on over 15 million patches from the TCGA and PAIP datasets. In the study,
tasks such as patch retrieval, patch classification, weakly supervised WSI classification, and mitosis detection were
discussed. The F1 score obtained on the patch classification is 0.8988 and an accuracy score of 0.9266. For WSI
classification, an accuracy of 0.947 and an AUC score of 0.988 were achieved with the TCGA-RCC data set.

According to studies in the literature, hybrid models are also recommended. In [22], YOLOv5 models were used
for tumor location detection, and ResNetb0 models were used for feature extraction. Model training and validation
were performed using the Cancer Genome Atlas (TCGA) dataset. It was worked with patches of two different sizes:
256 x 256 and 512 x 512. In the study where various data augmentation techniques were used, an accuracy score
of 97.2% was achieved.

These days, it is increasingly common to apply attention methods to CNNs to improve performance. The Divide-
and-Attention Network (DANet), for the categorization and grading of colorectal and breast malignancies, was
suggested in [23]. The initial diseased picture, the image of the nuclei, and the image of the non-nuclei are the three
inputs to this network. A segmentation model of nuclei is used to acquire the pictures of nuclei and non-nuclei. A
Nuclei-Guided Network (NGNet) for the grading of breast invasive ductal carcinoma was developed by the authors
of [24] using a methodology close to DANet. In contrast to DANet, NGNet requires just two input images: the
initial image and the segmentation-obtained nucleus image.

The extensive literature analysis also shows that the use of datasets labeled with tumorous areas is common in
the classification of WSI images. Studies using only the limited information of whether the WSI image is tumorous
or not without any marking of the tumorous area in prostate cancer classification are very rare. However, in real
life, there is a cost for pathologists to mark the tumorous area on WSI images. Our proposed model aims to fill
an important gap in the literature as an end-to-end automated solution in this context.

3 Methods

In this section, a comprehensive overview of deep learning models that have been used is presented.

3.1 Convolutional neural networks

CNN models have been used extensively in the literature in image-based medical diagnoses and predictions due
to their proven effectiveness in image recognition tasks [25]. In CNNs, an input image is first transformed into
a feature map, which is then processed through multiple convolution and pooling layers to produce a prediction
label. In convolution operations, a set of filters is employed to the input image, in this way, a feature map that
highlights fundamental aspects of the input image is extracted. Then the pooling layer downsamples the feature
map to reduce its size while keeping the most informative features. The extracted feature map passes through
multiple additional convolutional and pooling layers to capture complex and hierarchical relationships between
different features in the input data [25].

3.2 Transfer learning and pre-trained models

Training deep forward neural network architectures for image classification tasks requires continuous updating of
a lot of parameters, a large amount of training data, and a long Graphics Processing Unit (GPU) run time. This
leads to high computing resource costs and low efficiency. Transfer learning is a machine learning method that
utilizes a pre-trained model which is created for a specific task to solve different tasks. Transfer learning stands
out with its main advantages among several machine learning techniques: the ability to work with small amounts
of local training data, low requirement of computational resources, and time-saving [26].
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In this study, transfer learning was applied by fine-tuning several CNN models such as DenseNet169,
DenseNet121, and ResNetb0V2. In this way, the pre-trained weights and architectures of the models were uti-
lized, resulting in significant reductions in training time while improving prostate cancer prediction accuracy.

DenseNet is a special convolutional neural network architecture that uses dense connections from each layer to
all other layers. DenseNet169 is one of the DenseNet variants that has recently shown impressive results in image
classification tasks. DenseNet169 consists of 169 low-parameter layers, transition layers, and finally a classification
layer. Similarly, DenseNet121 consists of 121 convolution layers with each convolution block followed by dense
blocks and transition layers [27]. The architecture of DenseNet169 model which are implemented in our study are
shown in Fig. 1. The architecture of DenseNet121 and DenseNet169 differ in the number of convolutional layers
in the third and fourth Dense Blocks. In the third Dense Block, there are 24 convolutional layers for DenseNet121
and 32 convolutional layers for DenseNet169. In the fourth Dense Block, there are 16 and 32 convolutional layers
for DenseNet121 and DenseNet169, respectively.

ResNet, like Densenet, is a robust convolutional neural network architecture that is widely used in medical image
classification as well as general-purpose image classification. In this paper, a pre-trained ResNet50v2 [28] which
employs 50 convolution layers, 3 x 3 kernels, bottleneck layers, and multiple residual connections was applied
to predict the grade of prostate cancer from the pathology images. As the last grade, the fully connected layers
generate the probabilities of prostate grades. The architecture of ResNet50v2 is reflected in Fig. 2.

3.3 Proposed model

We propose an annotation-free ensemble deep learning-based WSI classification model. Our proposed model
requires only slide-level annotations such as the Gleason grade of the prostate cancer. For this aim, patch-based
classification was performed first. Instead of using all WSIs directly, the purpose of patch-based classification is
to divide the WSIs into small pieces called ‘patches’ and generate class predictions for these patches. The models
trained with small patches are used as feature extractors in WSI-based classification.

For patch-based classification, which is shown in Fig. 3, we first extracted 224 x 224 patches from the original
WSIs. Each patch was labeled with the label of the WSI to which it belongs. The patches were then given as input
to the pre-trained DenseNet121, DenseNet169 and ResNet50V2 models. Each of the trained models was saved
separately for use in WSI-based classification. Finally, predicted grade labels for each patch were achieved.

Fig. 3 The patch-based
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After the patch-based classification was completed, WSI-based classification was performed. In WSI-based clas-
sification, models trained and saved using patch images are used to extract features from individual patches. The
goal is to aggregate the patch-based predictions for each WSI and determine the final class prediction of the WSI
by majority voting and weighted majority voting.

The prediction of patch classes differs between majority voting and weighted majority voting techniques. In
order to use a majority vote, the most expected class is chosen. Every model in this method has the same weight.
The weight values allocated to the models are employed in weighted majority voting to predict patch classes.
Considering each model’s performance independently, the weights are established. The greatest weighted total
prediction is calculated by multiplying these values by the prediction values and then adding them together.

To use majority voting for WSI-based classification, all patch images were collected into files called after the
WHSI that they belonged to. Then, for label prediction, each patch image was fed into pre-trained models. All of
the patches that belonged to each WSI’s prediction label were saved independently. WSI's final label is the most
predicted class label for patches extracted from the WSI. WSI-based classification and majority voting pipeline is
given in Fig. 4.

As a second approach, we aimed to evaluate each patch of a given WSI using different CNNs to provide diversity.
The decisions of different CNN base classifiers for each patch of a given WSI are combined with the cooperative
learning hypothesis to form a stronger classification hypothesis. Thus, independent classifiers are created that
evaluate each patch as if they were separate expert pathologists, and the decisions of these classifiers are voted
on. For this aim, every model was first taken into consideration independently in WSI-based classification. Next,
all the models combined were used to apply weighted majority voting. The patches taken out of each WSI were
used as input for each model in this way. The predicted labels for the patches are each model’s output. Following
that, weighted majority voting was used using these labels. By summing the expected labels for each extracted
patch by the model weights and finding the largest weighted sum, the final grade label of each WSI is obtained.
The pipeline of WSI-based Classification with Ensemble Learning is reflected in Fig. 5.

The weights of the models were assigned to the ensemble decision according to the classification errors obtained
when they were applied as patch-based classifiers.

Fig. 4 The WSI-based
classification and majority

voting pipeline \

I I ‘ Il -l - A — Malority |, Grade 2
1 { - Voting b
Pretrained CNN

(DenseNet121, DenseNet169 or
ResNet50v2)

Grade Prediction
for a Given WSI

Original

wsl Extracted Grade Prediction

Patches for Each Patch

4

4 2 2
§* ol et Bl } B

Avg Pooling

| DenseBlock | Dense Block < DenseBlock | < Dense Block e
Transition Transition Transition DenseNet121
. Model's Grade
Pretrained DenseNet121 Model Predictions for

Each Patch

Majority \ X
Vo]ting 2 \ Grade 2

Dense Block < Dense Block < DenseBlock . | < Dense Block

\. £ £ i £ 1§
N |f--x:x,.v/7~>- I B et
v \ Extract l g | N i |
Patches

Transition Transition Transition DenseNe1 69

Original Pretrained DenseNet169 Model Model's Grade Grade
wsi 3 . y - , Predictions for Prediction for a
Etracte — Each Patch Given WSI
xtracte 3 x
Patches > E 33 3 g g‘ g
L, §‘§§-3...§ gl _
Ol g 5 e ‘ e )
3 |3 | B8 88 B sE
Phase1  Phase2 Phase3 Phase4 Phases
Pretrained ResNet50V2 Model Model's Grade
Predictions for
Each Patch

Fig. 5 WSI-based classification with ensemble learning pipeline

@ Springer



Eur. Phys. J. Spec. Top. (2025) 234:4829-4842 4835

4 Results and discussion

4.1 Dataset and preprocessing

The prostate cancer tissue images used for the study were obtained from the Medical Pathology Department of
Kocaeli University, Faculty of Medicine. The WSI images are in RGB.tif format, and each image is approximately
10,000 x 10,000 pixels in size. They were labeled with 5 different class labels as Grade 1, 2, 3, 4, and 5 by expert
pathologists. All of these classes belong to one type of prostate cancer and each class represents a cancer grade.
As the grade level increases, the cancer type worsens. The total number of WSIs used in the study is 36, 34, 33,
40 and 38 for each class, respectively, due to the loss of most of the texture image due to black spots or blurring.

The same dataset was used for both WSI-based and patch-based classification, but the file organization of the
data differed for the two classification methods. For patch-based classification, each patch image was stored in
files with the name of the class assigned to it. For WSI-based classification, a file named WSI was kept under each
class file, and patches extracted from the corresponding WSI were kept under this file. This also preserved the
WSI name information to which the patches belonged.

The original images cannot be directly processed by deep learning models due to their large size. In addition,
there are parts of the original images that do not contain texture information, black areas, or regions containing
noise. The preprocessing steps to make the data suitable for the models with minimal data loss are as follows.

o Cleaning image backgrounds. First, the images were converted from.tif format to.png format and then from RGB
to gray format for easier processing (Fig. 6b). Median Blur was used to reduce noise in gray images (Fig. 6c).
Otsu algorithm [7, 8] was applied to the blurred images. The Otsu algorithm selects an optimal threshold by
analyzing the image histogram. The image histogram represents the distribution of intensity values of pixels.
The algorithm calculates the probability of pixels belonging to two different classes and determines a threshold
value that minimizes the variance between the classes. The image is segmented using the optimal threshold.
The pixels are divided into two classes according to the optimal threshold value and thus objects or regions in
the image are distinguished. The application of the Otsu algorithm results in binary mask images. In the mask
images, the white areas represent texture regions (Fig. 6d).

e Contour detection from images. Mask images are used to determine the boundaries of tissue regions in images
and to extract the regions of interest by surrounding them with a suitable area (Fig. 7a). The OpenCV library
was used to outline the texture regions. The resulting point list is used to draw contour points on the original
image. Most of the images used in this study contain fragmented texture regions. Therefore, all contour regions
found for each image were recorded and processed separately (Fig. 7b). By detecting the contour points, it
will be possible to determine and record rectangular areas suitable for these points. For each contour area, the
coordinates of the upper, lower, left, and right endpoints were determined, thus creating the boundaries of the
rectangular areas to be cut. All images cut according to the boundaries were saved (Fig. 7c).

e FExtracting patches from WSIs. The large size of the data used in the study has led to the need to divide the
images into small, fixed-size parts. This process provides advantages such as providing standard input sizes for
training deep learning models, optimizing memory usage, reducing model training time, and focusing more on
image details. From the sub-images extracted according to the contour regions, 224 x 224 pixel-sized fragments
were cropped (Fig. 7d). The reason why the size is 224 x 224 pixels is to match the input size of the models
to be trained. For the cropping process, it can be imagined that a window of the relevant size is scrolled step
by step over the image, and the corresponding parts are cropped and saved. There is no overlap between the
cropped parts. The proportion of texture region in the resulting fragments is not checked during the cropping
process. After the process, all the fragments obtained are examined and the fragments containing less than 60%
of the texture image are eliminated.

e Application of data augmentation techniques. Data augmentation increases the generalization ability of the model
by adding diversity to the existing data set. This is especially important when the dataset is small. The data
augmentation techniques applied to the training dataset in this study are rotation, brightness modification, z-
and y-axes shifting, horizontal and vertical rotation, shearing, zooming, and rescaling (Fig. 7e). Only rescaling
was applied to the validation and test datasets.

After preprocessing, the resulting data set is unbalanced. The most important reason for this is that there is
more data belonging to the grade 5 class and less data belonging to the grade 1 class. To overcome this imbalance,
the number of data belonging to all classes was organized according to the grade 1 class, which has the least data.
As a result, a total of 17,000 patch images were obtained. The labels of the patch images were determined as the
labels of the WSI to which they belonged. The dataset is divided into training, validation and test sets with 80%,
10% and 10%, respectively. While the Patch-Based Classification and WSI-based classification performances were
defined according to the validation set; the classification results reflected in the confusion matrix were defined
according to the test set.
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Fig. 6 Cleaning original
image background and
getting mask image:

a original image,

b gray-scale image, ¢ image
with median blur filter
applied, d mask image
obtained by applying Otsu
algorithm

Fig. 7 Obtaining patches
and data augmentation
using the mask image and
original image: a mask
image, b contour detection
from images. Contours are
shown in green. ¢ Cutting
tumor regions according to
contour areas, d extracting
patches from WSI, e data
augmentation

4.2 Experimental design

DenseNet169, DenseNet121, and ResNet50V2 models are pre-trained with the ImageNet dataset. Since the dataset
obtained in this study contains medical images and is quite small compared to the ImageNet dataset, the models
were trained using transfer learning. The experiments were implemented in Python using Google Colaboratory
Pro and Keras libraries with Tesla T4 GPU.

In the study using deep learning-based models, both patch-based and WSI-based training were performed. For
this purpose, patch images obtained as a result of preprocessing were first used, thus patch-based classification
was performed. The input size of the models used for patch-based classification was set to 224 x 224. The models
were trained in two stages. In the first stage, all layers except the last layer of the models were frozen and the
last layer was removed. A convolutional, a global average pooling, and a softmax layer were added instead of the
removed layer, respectively. In the convolutional layer, the activation function is ReLu and the number of neurons
is 256. The learning rate value used at this stage is 0.001. If there is no improvement in the validation loss value of
the model for 3 consecutive epochs during training, the current learning rate value is multiplied by 0.25 to create
a new learning rate value (Model Checkpoint), and the value is gradually reduced. In addition, the model with
the highest accuracy during training was saved, and if the validation loss value did not improve by at least 0.001
for 15 consecutive epochs, the training was stopped (Early Stopping). The models were trained for 50 epochs at
this stage.

In the second stage, the model was retrained by unfreezing the frozen layers. In this stage, the learning rate value
was set to le-5 and remained unchanged throughout the training. The ‘ModelCheckpoint’ and ‘EarlyStopping’
features were used in this stage with the same settings. The models were trained for 20-40 epochs at this stage.

The models were trained using the Adam optimization algorithm in both stages. In the algorithm, momentum
was set to 0.9; the batch size was 16 and the loss function was ‘categorical_crossentropy’.

4.3 Evaluation metrics

The obtained results are evaluated considering Accuracy, Precision, Recall, and F1 score metrics. Confusion matri-
ces of the models are also provided to discuss the classification results in more detail.

The components of the confusion matrix are: True positive (TP) indicates properly predicted a particular
cancer grade. True negative (TN) represents accurately predicted remaining cancer cases. FN indicates a particular

@ Springer



Eur. Phys. J. Spec. Top. (2025) 234:4829-4842 4837

Table 1 Performance metrics for models based on patch-based and WSI-based classification

Metrics Type of classification

Patch-based classification WSI-based classification

DenseNet169 DenseNet121 ResNet50V2 DenseNet169 DenseNet121 ResNet50V2

Accuracy 77.24 67.35 75.76 91.16 82.87 87.85
Precision 77.26 68.14 76.00 92.19 85.23 88.75
Recall 77.24 67.35 75.76 91.16 82.87 87.85
F1 Score 77.18 67.24 75.61 90.59 82.84 87.25

cancer grade wrongly predicted as the remaining cancer grades. FP indicates a particular cancer grade incorrectly
predicted as the remaining grades by the classification model. The formulas of the metrics utilized to evaluate the
performance of the models are given as follows.

Accuracy = TP+ TN (1)

Y= TP+ TN 1 FP + FN

TP
Precision = ———— 2
recision = Zm— s (2)
TP

Recall = m (3)
Flscore — 9 x Precision x Recall (@)

Precision + Recall

Precision gives the accuracy of positive predictions, while recall measures the model’s ability to capture all
relevant instances. Accuracy which is defined as the ratio of correctly predicted instances to the total dataset is an
overall performance metric. F'1 score, calculated as the harmonic mean of both precision and recall, is a standard
metric for classification tasks.

Accuracy, precision, recall and F'1 score metrics have been used because they can offer a complete perspective
on the performance evaluation of classification tasks in machine learning. However, the F1 score is important in
medical image classification as it provides a balanced measure of performance, particularly in scenarios involving
imbalanced datasets and critical errors. Unlike accuracy, which can be misleading in class-imbalanced settings, the
F1 score combines precision and recall into a single metric, ensuring a more comprehensive evaluation.

4.4 Experimental results

The performance scores obtained in the patch-based and WSI-based classification models are presented in Table 1.

Considering the results shown in Table 1, it is seen that WSI-based models are more successful than patch-based
models regarding all of the performance metrics. In patch-based classification models, the model with the highest
accuracy was DenseNet169 with an F1 score of 77.18, while the least successful model was DenseNet121 with an
F1 score of 67.24. The fact that DenseNet169 has more layers and parameters compared to DenseNet121 allows
it to achieve higher accuracy rates. According to the results reflected in the table, it is seen that the ResNet50V2
model has success rates close to DenseNet169. Although the ResNet50V2 model has more parameters, its layer
structure is different. It has more sparse connections due to residual connections. Therefore, ResNet50V2 was
slightly less successful than DenseNet169.

A similar ranking among the models is also observed in WSI-based methods. However, the success rates increased
significantly compared to patch-based methods. The proposed WSI-based classification method improved the pre-
diction performances by 13.41% for DenseNet169, 15.5% for DenseNet121 and 11.64% for ResNet50V2, respectively.
In the WSI-based classification models, the majority voting strategy for patches significantly maintains the overall
classification accuracy of the WSI image, even if some of the WSI patches are mislabeled, and reduces the nega-
tive impact of mislabeled patches. This improves the prediction performance of the proposed model compared to
patch-based models.

In WSI-based classification, each patch belonging to a distinct WSI image could be the input of a single CNN
network. The predictions generated by the CNNs for the patches were combined to predict the WSI label. After
this grade, we aimed to boost classification performance of the WSI-based classifier using an ensemble learning
approach. We utilize DenseNet169, DenseNet121 and ResNetb0V2 as base learners to provide diversity.
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Table 2 Performance
metrics based on Ensemble
learning
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Metrics Weighted Majority Voting Majority Voting
Accuracy 92.82 88.95
Precision 93.69 90.89
Recall 92.82 88.95
F1 score 92.55 88.75

For WSI-based classification, each model was first evaluated separately. For each patch, the predicted class labels
from the models are used to generate predicted class labels for the WSI to which the patches belong. Then, the
effect of using all models together on the classification success was examined. At this grade, a patch image was
given to all models and estimated class labels were obtained from each model separately. These predictions were
then combined to obtain the final class predictions for the WSIs to which the patches belonged. At the grade
where all models were used, both majority voting and weighted majority voting methods were used to measure
the classification success. The success rates obtained using all models according to the voting methods are given
in Table 2.

The combination of the three models in majority voting resulted in a score close to the average of the accuracy
scores obtained when the models were used separately. Furthermore, weighted majority voting was found to be
more successful than majority voting. This is because more weight is given to the models that are more successful
than the patch-based classification success and have a greater impact on the voting result.

The resulting confusion matrices are provided for a better understanding of the model performances of the test
set. Figure 8 displays the confusion matrices of patch-based classification models.

Looking at the confusion matrices of patch-based classification, it can be seen that DenseNet169 is the most
successful model. It gives the most accurate results, especially for Grade 1, Grade 3, and Grade 4. In Grade
2, the ResNet50V2 model outperforms the other models in terms of classification rate, whereas in Grade 5, the
DenseNet121 model performs better. Grade 4 had the lowest classification of any model when it came to class-based
classification. This is because Grade 4 data are interpreted as being comparable to Grade 3 and Grade 5, and the
models are unable to distinguish between these classes at the appropriate level. During categorization, the models
misinterpreted the data for the other grades as data from other grades. As a result, patch-based classification has
a lower success rate.

The confusion matrices based on the test set of three models for WSI-based classification are given in Fig. 9.

Based on the computed confusion matrices for WSI-based classification, DenseNet169 showed up as the most
effective model. Considering classification based on classes, it has been observed that all three models accurately
predict the grades 1, 2, 3, and 4. However, there are some differences between models for the Grade 5 prediction.
Compared to the other models, the ResNet50V2 model shows higher confusion in this class. The success rate for
the Grade 4 class in patch-based classification is observed increasing, although Grade 5 can be classified with
reduced accuracy in all models. Grade 5 data is especially confused with Grade 1 and Grade 3 data for all models.
Although the performance of the models is better than patch-based classification, correcting this situation in Grade
5 will contribute to improving model performance.

The confusion matrices based on the test set obtained by combining three models according to the voting method
are given in Fig. 10.
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Fig. 8 Confusion matrices by models for patch-based classification
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Fig. 9 Confusion matrices by models for WSI-based classification
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The use of ensemble methods according to the confusion matrices obtained with the voting methods has been an
effective strategy to improve model performance. In particular, it is observed that the Weighted Majority Voting
method gives better results in Grade 2 and Grade 5 classes compared to WSI-based classification, and both voting
methods reduce misclassifications for Grade 5 class. Weighted Majority Voting is more successful than Majority
Voting for all classes. The main reason for this is that more weight values are assigned to the more successful
model, thus increasing the impact of the more successful model on the overall classification. This strategy can

be effective in reducing misclassifications, especially in difficult classes (e.g. Grade 5), by enabling effective use of
model combinations.

5 Conclusion

In this study, we proposed a novel deep learning-based approach for classifying prostate cancer grades directly from
Whole Slide Imaging (WSI) images, without the need for manual annotation of tumor regions by pathologists.
By leveraging transfer learning, ensemble learning approaches, our model achieved high classification accuracy for
prostate cancer detection based on slide-level labels on a real-life dataset obtained from Kocaeli University, medical
pathology department. Our study, conducted under the supervision of expert pathologists, simplified the workflow
for pathologists and reduced the burden of identifying regions of interest (ROIs) in WSI images. There was no
labeling on any of the images used for this study. The patches obtained for each WSI were assigned the label of the
WHSI they belong to. The results demonstrate that even in the lack of labeling, WSIs can be classified with good
accuracy. The results demonstrate that the WSI-based classification model outperforms the patch-based model in
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terms of accuracy, precision, recall, and F1 score, highlighting its potential to enhance diagnostic workflows in
prostate cancer diagnosis.

This study demonstrates significant scientific prospects due to its relevance, innovation, and practical applica-
tions in improving prostate cancer diagnosis. By utilizing slide-level labels instead of requiring manual and detailed
region-of-interest annotations, the proposed approach significantly simplifies the annotation process for patholo-
gists. This innovation addresses a major bottleneck in medical data preparation, making the methodology more
efficient and scalable. Through the application of deep learning techniques, the study offers a promising solution
to determine prostate cancer grading and enhance diagnostic workflows.

It is predicted that the success of the models will increase with the increase in the amount of data. Therefore,
future work is going to focus on expanding the dataset, investigating the effectiveness of transformer architectures
and the Yolo family algorithms instead of CNN architectures, and developing systems that provide higher accuracy
rates by incorporating additional clinical metadata into the system.
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