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Abstract

Prostate Cancer (PCa) is the second most common cancer in men and affects more than a million people each year. Grading
prostate cancer is based on the Gleason grading system, a subjective and labor-intensive method for evaluating prostate tissue
samples. The variability in diagnostic approaches underscores the urgent need for more reliable methods. By integrating deep
learning technologies and developing automated systems, diagnostic precision can be improved, and human error minimized.
The present work introduces a three-stage framework-based innovative deep-learning system for assessing PCa severity using
the PANDA challenge dataset. After a meticulous selection process, 2699 usable cases were narrowed down from the initial
5160 cases after extensive data cleaning. There are three stages in the proposed framework: classification of PCa grades
using deep neural networks (DNN5s), segmentation of PCa grades, and computation of International Society for Urological
Pathology (ISUP) grades using machine learning classifiers. Four classes of patches were classified and segmented (benign,
Gleason 3, Gleason 4, and Gleason 5). Patch sampling at different sizes (500x 500 and 1000 X 1000 pixels) was used to
optimize the classification and segmentation processes. The segmentation performance of the proposed network is enhanced
by a Self-organized operational neural network (Self-ONN) based DeepLabV 3 architecture. Based on these predictions, the
distribution percentages of each cancer grade within the whole slide images (WSI) were calculated. These features were
then concatenated into machine learning classifiers to predict the final ISUP PCa grade. EfficientNet_b0 achieved the highest
F1-score of 83.83% for classification, while DeepLabV3 + architecture based on self-ONN and EfficientNet encoder achieved
the highest Dice Similarity Coefficient (DSC) score of 84.9% for segmentation. Using the RandomForest (RF) classifier,
the proposed framework achieved a quadratic weighted kappa (QWK) score of 0.9215. Deep learning frameworks are being
developed to grade PCa automatically and have shown promising results. In addition, it provides a prospective approach to
a prognostic tool that can produce clinically significant results efficiently and reliably. Further investigations are needed to
evaluate the framework’s adaptability and effectiveness across various clinical scenarios.
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Introduction and Related Works

Prostate cancer (PCa) ranks as the second most preva-
lent form of cancer among men worldwide [1]. Over 1.4
million individuals are annually affected by it, with the
Globocan 2020 report indicating precisely 1,414,259 new
cases and 375,304 deaths within a single year. When the
disease is detected early in its asymptomatic stage and
properly managed, patients can achieve up to a 98% long-
term survival rate, as per medical guidelines [2—4]. The
Gleason grading system is widely recognized as the most
precise and frequently used method for assessing the his-
topathology of PCa, setting the benchmark for diagnosis,
treatment, and prognosis of the condition [5]. The Inter-
national Society for Urological Pathology (ISUP) revised
the system in 2014, which was also acknowledged by the
World Health Organization (WHO) [6]. The Gleason grad-
ing system defines five distinct grades for PCa [7]. Grade 1
is identified by closely packed, well-differentiated glands
forming distinct nodules. In Grade 2, these well-differenti-
ated glands are more spaced out, creating clearer nodules.
Grade 3 features these glands as dispersed, separate enti-
ties that are still well-differentiated. Grade 4 is marked by
poorly differentiated glands, merging, or forming sieve-
like patterns, including structures resembling glomeruli.
Grade 5 is characterized by the lack of glandular differenti-
ation and the presence of necrosis. As the grade increases,
it becomes more severe.

The Gleason grade is calculated by adding the primary
(major) component of the tumor and any secondary (minor)
component that makes up more than 5% of the tumor. If
there is no secondary component present, the Gleason grade
is determined by doubling the grade of the primary com-
ponent. Therefore, the Gleason grade is fundamentally the
sum of the primary and secondary pattern grades, such as 7
(3+4). In specific scenarios, if a tumor is composed of two
hierarchical structures and the smaller portion is less than
or equal to 5%, and this minor component has a lower grade,
then the Gleason grade is found by adding the primary pat-
tern grade to itself. However, if the minor component has a
higher grade, the score is found by the sum of the primary
and this higher secondary pattern grade. If the tumor has
more than two hierarchical structures, the Gleason score is
defined as the sum of the primary pattern grade and the
grade of the most severe pattern observed. This procedure
of Gleason patterns assessment has been a manual task for
pathologists so far, which is not only a labor-intensive pro-
cess but is also prone to inconsistencies due to relatively
high interobserver variability. This issue is particularly
severe given the complexities in the grading system.

Subsequently, a biopsy’s Gleason score is converted to
an ISUP grade on a scale from 1 to 5, based on both the

primary and secondary growth patterns observed. By com-
bining the scores of the primary and secondary patterns,
a new Gleason grade is calculated, with scores like 3 + 3
being classified as ISUP grade 1, and so on, up to 4+35,
5+4, and 5+ 5, which are categorized as ISUP grade
5. Table 1 shows the different Gleason grades, based on
majority and minority patterns, and their corresponding
ISUP grades.

The Gleason grading system plays a crucial role as a
prognostic tool in the management of PCa, assisting in the
treatment decision-making process for patients. However,
this system is challenged by the risk of either missing or
over-grading cancer, potentially leading to unnecessary
interventions. A notable limitation is the significant vari-
ability in grading assessments among pathologists, which
could either lead to overtreatment or, in worse cases, the
overlooking of a critical diagnosis, thereby affecting its util-
ity for individual patient care [8].

The rising demand for prostate biopsies presents numer-
ous challenges for pathology departments. A significant hur-
dle is managing the sheer volume of biopsy samples required
for accurate diagnosis. Standard practice dictates collecting
ten to twelve samples from each patient, leading to patholo-
gists in the USA needing to assess over 10 million tissue
samples annually. This immense workload not only escalates
labor expenses but also impacts the operational efficiency of
pathology departments [9].

With the advancement of technology, it is playing a
more vital role in healthcare, particularly in diagnosing
and treating diseases. Recently, there has been a significant
surge in the adoption of computer-aided diagnosis (CAD)
systems to support physicians in making precise decisions.
Prompt and early identification is critical in the manage-
ment and outcome of many diseases like PCa. In recent
years, deep learning has experienced extensive adoption
throughout the healthcare sector. Employing deep learning
techniques in medicine has the potential to significantly

Table 1 Corresponding ISUP
grades for gleason score
distribution

Gleason score
(majority + minor-
ity)

ISUP grade

Benign
3+3
3+4
443
4+4
3+5
5+3
445
5+4
5+5
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reduce diagnostic inconsistencies. Deep learning mod-
els possess the capability to detect intricate patterns and
characteristics in large datasets, enabling precise and
consistent evaluations [10-13]. This approach can help
reduce dependence on individual medical practitioners and
decrease the variation in interpretations that are subjective
between observers. In recent years, deep learning has seen
widespread use across the healthcare industry [14—17].

Recent progress in the field has focused on improving
prostate cancer (PCa) diagnosis efficiency through the
exploration of various machine-learning-based PCa grad-
ing methods [18-21]. Nguyen et al. [22] explored classi-
fying prostate cancer into three main categories: benign,
grade 3, and grade 4, by examining prostate tissue through
the use of texture-based features and color space analy-
sis. Gorelick et al. [23] developed a method for evaluating
similarity by extracting texture features from images and
using a nearest neighbor classifier to categorize Gleason
levels from 1 to 3. Waliszewski et al. [24] introduced a
method based on fractal analysis for classifying adjacent
Gleason groups, achieving a sensitivity of 81% and a spec-
ificity of 75%. These approaches demonstrate the diverse
methodologies employed in leveraging machine learning
toward the accurate grading of PCa. Nowadays, biomedical
imaging has become crucial in the effective detection and
treatment of cancer. Deep learning offers enhancements
in Gleason grading by elevating precision and reducing
errors attributable to human factors.

Artificial intelligence (AI) technologies have become
extensively utilized in numerous histopathological settings,
particularly in those addressing PCa [25, 26]. Developing
a precise and dependable PCa grading algorithm requires
overcoming numerous challenges, such as the lack of
detailed labels, the varied morphology of slide images, the
presence of high-resolution images with extensive empty
spaces, and the introduction of artifacts due to variations in
staining techniques [18]. Advances in hardware, datasets,
and algorithmic methods have led to deep learning (DL)
becoming an essential tool in the detection and categori-
zation of PCa. Unlike models based on manually selected
features, DL models can autonomously identify relevant
features from whole-slide images and assess the severity of
PCa. This eliminates the need for the labor-intensive pro-
cess of feature selection, offering a more efficient method of
accurate PCa grading [19]. Campanella et al. [27] analyzed
44,000 whole slide images (WSIs) from breast, skin, and
prostate tissues to develop a deep learning system capable of
differentiating cancerous from non-cancerous slides without
the need for detailed pixel annotations. This method lev-
erages a multiple-instance learning framework to create a
detailed feature representation. It utilized a recurrent neu-
ral network (RNN) to synthesize these features and deliver
the final diagnosis. Their approach’s effectiveness was
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highlighted by attaining an impressive AUC (area under the
curve) score of 0.986 in detecting PCa.

Strom et al. [9] introduced a system comprising two
ensembles of convolutional neural networks (CNNs), each
consisting of 30 models based on the InceptionV3 architec-
ture pre-trained on the ImageNet dataset. The efficacy of
their method was underscored by achieving an outstanding
AUC (score of 0.986 in the detection of PCa. The train-
ing utilized 6682 WSIs, while an independent set of 1631
WSIs was used for testing, and an additional 330 WSIs were
employed for external validation. In the binary classification
task, the system showed remarkable precision, achieving an
AUC of 0.997 for the independent test and 0.986 for the
external validation. In the task of Gleason grading, the sys-
tem reached a mean pairwise kappa statistic of 0.62, which
falls within the inter-observer variability range observed
among 23 pathologists (0.60-0.73) indicating human experts
level performance. Marrén-Esquivel et al. [28] analyzed
inter-observer discrepancies within a dataset of 80 WSIs
annotated by five pathologists. They employed convolu-
tional neural network (CNN) architectures to develop models
aimed at reducing these discrepancies. The study found sig-
nificant variability (x=0.6946) in pathologists’ interpreta-
tions, with models achieving a kappa score of 0.826 +0.014
on the test set.

Arvaniti et al. [29] introduced a convolutional neural net-
work (CNN) architecture for classifying tissue microarray
(TMA) images into low (GS6-GS7) and high (GS8-GS10)
Gleason scores. The dataset consisted of 895 TMA images,
with 641 TMAs used for training the CNN. Model perfor-
mance was assessed on a separate test set of 245 TMAs,
which were annotated separately by two experienced pathol-
ogists. The authors found that CNN’s agreements with the
pathologists were 0.75 and 0.71, as measured by Cohen’s
quadratic kappa score. These levels of agreement were found
to be on par with the inter-pathologist agreement of 0.71.

Another approach to identifying the Gleason score
involves segmenting the cancerous tissue. Ing et al. [30]
gathered 513 high-resolution images of primary PCa to eval-
uate the effectiveness of four convolutional neural networks
(CNNs) in the semantic segmentation of tumors into high
and low grades. Among these CNNs, U-Net achieved a pre-
cision of 0.885. Bulten et al. [31] explored the use of deep
learning for the assessment of Gleason grading of prostate
biopsies, addressing the issue of inter-observer variability
that limits the Gleason score’s utility for individual prostate
cancer patients. They utilized 5759 biopsies of 1243 patients
from Radboud University Medical Center, employing a
semi-automatic labeling technique based on pathologists’
reports. Validation against a consensus from expert patholo-
gists on an independent set of 550 biopsies showed the sys-
tem’s high agreement with the reference standard (Cohen’s
kappa of 0.918) and superior performance in certain
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assessments compared to both experienced pathologists
and those in training. Singhal et al. [32] introduced a novel
training strategy that focuses on learning domain-agnostic
features. Utilizing 3741 core needle biopsies (CNBs) from
two centers for training, the study evaluates the system’s
effectiveness across three patient cohorts. The results show
high accuracy (89.4%) and excellent agreement (kquad of
0.92) on an internal test set, with similarly strong perfor-
mance on external datasets, indicating the potential of the
system to improve the accuracy and reliability of PCa grad-
ing and thereby enhance patient care. Although deep learn-
ing has shown potential in prostate cancer research, much
of the work has been confined to basic classifications like
benign versus malignant or distinguishing between Gleason
grades 3 and 4.

Our approach integrates classification and segmentation,
further refined by a machine learning-based classifier to
derive a final Gleason or ISUP score based on the combined
tissue type distributions. A novel segmentation architecture
is also proposed combining self-ONN with the DeepLabV3
architecture. It also makes use of cross-validation for a
thorough and accurate model evaluation. Recognizing the
significance of image detail, we experimented with differ-
ent patch sizes (500 % 500 and 1000 x 1000 pixels), focusing
on the architectural rather than cellular patterns of prostate
cancer, leading to notably enhanced results.

Major Contributions
The main contributions of this study are as follows:

1 A large dataset of prostate cancer biopsy images was
investigated for the performance of patch-based clas-
sification and segmentation approaches.

2 A novel segmentation architecture combining Deep-
LabV3, and self-organizing neural networks (Self-ONN)
is proposed for PCa segmentation.

3 An automated framework that integrates classification
and segmentation techniques with a machine learning
classifier accurately determines ISUP scores of prostate
cancer (PCa) images is developed.

4  The study examined the effectiveness of classification
and segmentation using patch sizes of 500 x 500 and
1000 x 1000 pixels.

The rest of the paper is structured as follows: the “Pro-
posed Methodology” section offers a detailed discussion of
the materials and methods utilized in our study. The “Pro-
posed Method” section presents a comprehensive analysis
of both the quantitative and qualitative performance of our
proposed framework. Finally, the “Numerical Results” sec-
tion summarizes key findings and concludes the paper by
discussing future research.

Proposed Methodology
Dataset Description

The Prostate cancer grade assessment (PANDA) challenge
dataset [33] was created in a collaboration between the Com-
putational Pathology Group at Radboud University Medical
Center and the Department of Medical Epidemiology and Bio-
statistics at Karolinska Institute and it remains the most exten-
sive public collection of whole-slide images. It comprises 5160
hematoxylin and eosin (H&E) slides of core needle biopsies
from Radboud and an additional 5456 cases from Karolinska
hospitals, scanned at a magnification of 20 x and stored in TIFF
format. To assist in the assessment of the Gleason score and
ISUP grade, segmentation masks are also included in the same
format as the images, to delineate the areas contributing to the
Gleason score and ISUP grade determination. For the Rad-
boud dataset, the segmentation masks included details about
the various Gleason patterns present in the images, whereas the
Karolinska dataset provided only information distinguishing
between benign and malignant cases.

Table 2 shows the details of the dataset regarding the
sources, number of cases of each grade, and the nature of the
available data. Contrary to prior challenges, WSIs are used
instead of small TMAs. Challenges were introduced in this
dataset to establish the robustness of the learning process
and increase complexity. Segmentation masks for all the
cases were not provided and the provided masks were prone
to inaccuracies, including both false positives and negatives.
Both Gleason score labels and the ISUP grade labels were
provided for all cases, with a focus on predicting the ISUP
grade. The label accuracy did not reach the gold standard,
due to the intrinsic challenges and subjective interpreta-
tion involved in examining slides, even for the most skilled
experts. This level of inconsistency adds additional hurdles
to the training of deep learning models, making it more chal-
lenging to develop highly accurate algorithms.

Data Preprocessing

The PANDA challenge dataset presents a unique set of
challenges as it is quite a noisy dataset. Training models
with such noisy data can impede learning processes and the
generalization of models. A crucial initial step in utilizing
this dataset effectively involves thorough data cleaning and
preprocessing. This helps in selecting appropriate data for
training while eliminating any misleading or noisy cases,
thereby facilitating the development of a more reliable
learning model. Specifically, the Radboud Dataset provides
masks that detail the Gleason patterns, in contrast to the
Karolinska dataset, which only offers masks that distinguish
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Table 2 Details of the Prostate
cancer grade assessment

Radboud University Medical Center (number Karolinska

of cases) Institute
(PANDA) challenge dataset (number of
cases)
Number of samples ISUP grade O 967 1925
ISUP grade 1 852 1814
ISUP grade 2 675 668
ISUP grade 3 925 317
ISUP grade 4 768 481
ISUP grade 5 973 251
Segmentation 0: Background (non-tissue) or unknown, 0: Back-
mask values 1: Stroma, ground
2: Benign, (non-
3: Gleason 3, tissue) or
4: Gleason 4, unknown,
5: Gleason 5 1: Benign
tissue,
2: Cancerous
tissue

between benign and malignant areas. Examples of images
and masks from the two sources are shown in Fig. 1.
Consequently, the Karolinska dataset proves inadequate for
training that involves patch-based segmentation or classifica-
tion due to its limited information. As previously mentioned,
the Radboud dataset also suffers from the issue of noisy
labels, which can adversely affect model training and per-
formance. As a result of the PANDAS challenge, 1153 cases
were identified in the Radboud dataset where the Gleason
scores/ISUP grades derived from mask images did not match
ground truth labels [34]. We aimed to eliminate these cases as
well because removing them from their experiments improved
their performance. Based on their approach, we checked the
ground truth of all cases using the score derived from the
mask images using the criteria outlined in Table 1. As a result

Fig. 1 Example image and cor-
responding mask from the two
sources of the Prostate cancer
grade assessment (PANDA)
challenge dataset

‘ Benign

- Stroma

@ Springer

Radboud Dataset

Gleason 3

Gleason 4 - Gleason 5

of our investigation, we found 845 additional cases with incor-
rect Gleason score representations or incomplete mask data.
These cases were also excluded. As a result of the challenge
winners’ findings, 463 cases had image markings, empty
masks, or missing masks entirely, making them unsuitable
for patch-level model training and evaluation. In consultation
with two clinical experts, we ensured that the dataset process-
ing would yield meaningful results, yield robust performance,
and become an effective clinical tool in the future. Figure 2
shows some examples of cases which were excluded from the
analysis as well as the types of cases excluded.

The dataset contains images and masks formatted as
WSIs, which are high-resolution images of gigapixel scale.
The size of these images surpasses the memory capaci-
ties of current GPUs and neural networks, making direct

Karolinska Dataset

Benign

Malignant
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Image with
Marks

Image

ol s

Mask

' Benign - Stroma

Excluded cases for different discrepancies

1153 cases with ground truth
discrepancy identified by

Original challenge winners

Dataset

>

Image with discrepancy between GT and mask
Ground Truth: 4+3, from mask: Benign

463 cases containing image
markings, empty masks,
or missing masks entirely

Image with
incomplete mask

Mask

Image

...........................

845 additional cases with
ground truth discrepancy

identified by us Dataset after

data cleaning

—>

Fig.2 a Examples of cases discarded due to various issues in the images or masks. b Flowchart showing the different types of images discarded

due to discrepancy

processing infeasible. To address this challenge, a pre-
processing step is employed. A well-established strategy
to manage this issue involves patch sampling of the WSIs,
where smaller sections of the images, known as patches, are
extracted from the larger source images. These patches can
then be fed into neural networks as input. This approach
has become the predominant and most effective method
for utilizing WSIs in deep learning applications [27, 29,
35]. Marrén-Esquivel et al. [28] worked with a patch size
of 750750 for classifying PCa patches. In this study,
we experimented with both 500 x 500 and 1000 x 1000
patch sizes to compare performance and investigate the
effect of patch size on pattern identification of PCa. For

segmentation, patches were also created from masks in the
corresponding sizes. In the classification process, a patch
was labeled as benign if 100% of its tumor area was benign.
A threshold of 50% overlap with the annotations was set
for the extraction of patches from malignant areas, meaning
a patch needed to contain at least 50% of a specific Glea-
son pattern to be classified under that Gleason class. For
instance, a patch with over 50% Gleason 3 tumor was cat-
egorized as Gleason 3. Figure 3 shows examples of patches
with corresponding classification labels and segmentation
masks. To evaluate the performance of various models, a
subject-wise fivefold cross-validation dataset was compiled
using the patches from the selected cases.

@ Springer
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Chsiication Patch Size: 10001000 Patch Size: 500%500
Label
Patch Image Mask Image Patch Image Mask Image
Benign
Gleason 3
Gleason 4
Gleason 5

Fig. 3 Patch images and corresponding masks of different Gleason patterns

Data Augmentation

It is important to make sure the number of images is bal-
anced by class when training a deep learning network. Gen-
erating augmented images is a common technique to balance
datasets and increases the heterogeneity of the dataset. It

Original Image

prevents overfitting of the model and helps in generalization
during learning [36, 37]. Different transformations such as
horizontal flips, vertical flips, and 90-degree rotations were
applied. Figure 4 shows examples of generated synthetic
images using image augmentation techniques from authen-
tic images, and Table 3 depicts the number of patch images

Augmented Images

Fig.4 Examples of augmented patch images generated from an authentic patch image

@ Springer



Journal of Imaging Informatics in Medicine (2025) 38:3992-4014

3999

Table 3 Distribution of train,
test and validation set for

Dataset

Number of patches created

classification and segmentation Training Validation  Test
with augmentation -
Before aug-  After augmentation
mentation
Classification (500 x 500) Benign 71,534 168,141 9243 12,552
Gleason3 108,401 168,141 14,193 23,036
Gleason4 168,141 168,141 21,490 37,680
Gleason 5 40,351 168,141 4392 6367
Classification (1000 x 1000) Benign 8460 34,315 794 1225
Gleason3 22,072 34,315 2405 4442
Gleason4 34,315 34,315 3683 7799
Gleason 5 7244 34,315 699 1186
Segmentation (500 x 500) 563,800 749,854 75,707 642,216
Segmentation (1000 x 1000) 175,249 321,552 18,269 154,650

generated for train, test, and validation set for the classifica-
tion and segmentation problem.

Proposed Method

A novel automatic framework is introduced in this work
for the prediction of ISUP score using hematoxylin—eosin-
stained WSIs of PCa cases. The framework is composed of
three key stages:

e Determining the distribution of various PCa grades using
classification models.

e Determining the distribution of PCa grades via segmen-
tation models.

e Determining the final ISUP grade using machine learn-
ing classifiers from a combination of the distributions
obtained from both classification and segmentation.

To determine the Gleason score of a biopsy image, it is
crucial to identify the majority and minority patterns. Two
common approaches to achieve this are classification and
segmentation of the patches generated from the samples.
Initially, patches are created from the WSIs. In the classi-
fication method, models are trained to categorize patches
into benign, Gleason 3, Gleason 4, and Gleason 5. After
identification of the patches, the percentage of each class
is calculated. For the segmentation approach, models are
developed to conduct multilabel segmentation across these
four classes (benign, Gleason 3, Gleason 4, and Gleason 5),
and subsequently, the area occupied by each class in the pre-
dicted masks is quantified. Machine learning classifiers are
then utilized to estimate the ISUP grade based on the class
distribution of the samples. The efficacy of these classifiers
is evaluated both on the distributions of classification and
segmentation individually and on different combinations of

distributions derived from both approaches. An overview of
the methodology is shown in Fig. 5.

Classification Networks

The goal of the classification phase is to sort patch images
based on whether they predominantly display a specific
Gleason pattern. A typical approach for image classifica-
tion involves fine-tuning pretrained models that have been
initially trained on the ImageNet dataset. This process
adjusts the model’s weights using a smaller dataset to spe-
cialize it to a particular task. Using a pre-trained model
is efficient because it leverages the model’s pre-existing
knowledge of general features learned from a broad dataset
saving both the training time and resources [38]. To fit the
model to the target task, its last fully connected layers are
replaced, and it is fine-tuned at a reduced learning rate on
the new dataset for gradual weight updates. CNN-based
networks are renowned in image classification for their effi-
ciency in detecting spatial patterns within images, thanks
to their layered structure and the reuse of weights. This
setup enables them to extract relevant features at different
abstraction levels, making them ideal for visual recogni-
tion. Various standard CNN architectures have set bench-
marks in image classification due to these characteristics.
However, Vision Transformer models have recently made
their mark, utilizing self-attention mechanisms to process
both the immediate and broader contextual relationships
within images. This quality allows Vision Transformers to
surpass the capabilities of traditional CNNs. In our analy-
sis of multiple deep learning models for this classifica-
tion approach, we highlight the four models that showed
comparable top performance, based on their classification
efficacy. This study reports on the performance of three
CNN-based models (DenseNet121, EfficientNet_b0, Incep-
tion_v3) and a Vision Transformer model on the dataset.
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Fig.5 An overview of the proposed framework for automatic assessment of prostate cancer grades combining both classification and segmenta-
tion techniques

DenseNet121 numerous dense blocks where each layer is directly con-

nected to every other layer in its block. This architecture
DenseNet121 [39] is a complex deep-learning framework was detailed in a study by Huang et al. (2017) in their work
known for its highly interconnected design, featuring  on densely connected convolutional networks. Each dense
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block within DenseNet121 contains layers that share feature
maps with all preceding layers, enhancing feature reuse and
streamlining the flow of information. This setup not only
improves training efficiency by enhancing gradient flow
but also boosts the network’s ability to represent and learn
intricate patterns and features. The model incorporates bot-
tleneck layers to reduce the number of features, employs
batch normalization for stability, and uses ReLLU activation
functions for non-linearity. Transition layers are placed in
between the dense blocks to reduce spatial dimensions, and
the network concludes with global average pooling, a fully
connected layer adjusted for the number of classes in the
task, and a SoftMax activation function.

EfficientNet_b0

EfficientNet-BO [40] presents a method for enlarging CNN's
through compound scaling, which simultaneously optimizes
network width, depth, and resolution. As the initial model
in the EfficientNet series, it was crafted using neural archi-
tecture search techniques, resulting in a design that delivers
outstanding accuracy and efficiency. EfficientNet is a fam-
ily of CNN models designed for scalability and efficiency.
The core idea behind EfficientNet is the use of compound
scaling, which uniformly scales the network’s depth, width,
and resolution with a set of fixed scaling coefficients. This
approach allows for balanced network growth, optimizing
accuracy and efficiency. It employs a baseline network,
EfficientNet-BO, developed through a neural architecture
search that optimizes both accuracy and FLOPs (floating-
point operations).

Inception_v3

Inception v3 [41] is an advanced CNN developed by Google,
that evolves from earlier versions by incorporating key
enhancements to boost its accuracy and efficiency. It lev-
erages factorized convolutions and augments the inception
modules to minimize parameter count without compromis-
ing on the model’s depth or breadth. Additionally, it inte-
grates label smoothing, a method that mitigates overfitting
by tempering the certainty of the labels. These improvements
enable Inception v3 to deliver exceptional performance in
image classification tasks, proving its adeptness at process-
ing complex visual information. The architecture strikes a
deliberate balance between computational efficiency and the
model’s capabilities, establishing it as an effective instru-
ment for diverse image-processing tasks.

Vision Transformer

The Vision Transformer (ViT) [42] architecture utilizes the
transformer framework, traditionally employed in natural

language processing, for image classification tasks. ViT
employs self-attention mechanisms to grasp global interac-
tions within visual data, offering a novel approach to under-
standing images. The Vision Transformer (ViT) begins by
dividing the input image into a series of fixed-size patches.
Each patch is linearly transformed into a token embedding,
with positional embeddings added to imbue spatial context.
The structure of ViT is based on a sequence of transformer
encoder layers. Each layer comprises self-attention mecha-
nisms and feed-forward networks. The self-attention enables
the model to focus on different image areas, capturing intri-
cate relationships over vast distances. The feed-forward net-
works apply nonlinear transformations to enhance these rep-
resentations. Following the transformer encoders, the token
embeddings feed into a classifier head, which uses linear
layers and a softmax function to predict class probabilities.
ViT leverages transformer technology to achieve notable
success in image classification, offering a fresh approach
to employing self-attention for visual tasks. However, its
effective training typically demands significant computa-
tional power and substantial datasets.

Segmentation Networks

This segment aims to distinguish between various regions
associated with different grades (benign, Gleason 3, Glea-
son 4, Gleason 5) using multiclass segmentation. In this
approach, regions corresponding to each grade are identi-
fied and predicted as different values within a mask, effec-
tively differentiating each grade. The U-Net architecture
[43] has been designed for precisely segmenting biomedi-
cal images using CNNs and has shown excellent results in
this field. Its distinctive U-shaped design features a sym-
metrical split into two main pathways: the encoder, which
compresses, and the decoder, which decompresses. The
encoder pathway is composed of multiple convolutional
layers, each followed by a ReLLU activation function and
max pooling to gradually decrease the spatial dimensions
of the feature maps while simultaneously increasing their
depth or channel count. The architecture contains a bot-
tleneck at the center of it which is a constricted segment
outfitted with extra convolutional layers. Proceeding from
the bottleneck, the decoder pathway expands the feature
maps to their original spatial dimensions. A critical aspect
of U-Net is its use of skip connections, which link feature
maps from each encoder level directly to corresponding
levels in the decoder, ensuring a cohesive fusion of high-
level and detailed information into the decoder’s output. A
widely adopted method to enhance the architecture’s effec-
tiveness involves integrating advanced encoder architec-
tures. DenseNet and EfficientNet enhance U-Net for image
segmentation by using dense connections and optimized
performance under limited resources, respectively. Both
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architectures promote feature reuse, mitigate vanishing
gradients, and enhance feature propagation, resulting in
precise segmentation. In this study, we presented findings
for both the standard U-Net and the U-Net framework
enhanced by incorporating encoders from DenseNet and
EfficientNet.

DeepLabV3 [44] and DeepLabV3 + [45] are sophisticated
models for semantic segmentation, specifically designed to
enhance the segmentation of objects at various scales and
obtain more accurate boundaries. These models are signifi-
cant expansions of the DeepLab series that employ deep
convolutional neural networks for the purpose of high-
resolution picture segmentation. Chen et al. [44] released
DeepLabV3, which improves upon previous versions by
integrating an atrous convolution technique. This strategy
effectively expands the range of filters to capture context at
several scales without compromising resolution. The model
incorporates an atrous spatial pyramid pooling (ASPP) mod-
ule at the network’s end. This module examines a convolu-
tional feature layer with filters at various sampling rates and
effective fields-of-views. As a result, it captures objects and
image context at multiple scales. DeepLabV3 + enhances
the segmentation results of DeepLabV3 by incorporating a
decoder module that specifically improves the accuracy of
object boundaries. Efficientnet-bO was used as encoder for
this network.

Convolutional neural networks (CNNs) are limited by
their homogenous, linear neuron structures, which do not
fully capture the diversity of biological neural systems.
Generalized operational perceptrons (GOPs) and opera-
tional neural networks (ONN5s) address these shortcomings
by offering heterogeneous and non-linear models. GOPs,

inspired by biological processes, excel in complex scenarios
where conventional models struggle. ONNs build on this
concept by introducing a variety of operators per neuron,
enhancing flexibility. They move beyond traditional linear
convolutions by incorporating diverse operational units like
nodal and pool operators. This innovation maintains core
CNN principles of weight sharing and localized connectiv-
ity yet broadens the functional scope of the network layers.
Figure 6 shows the difference between CNNs and ONNS.

We adapted the DeepLabV3 network by incorporating
self organized operational neural networks (self-ONN) [46],
which have demonstrated superior performance compared
to traditional convolutional neural networks. All the CNN
layers in both the DeepLabV3 and DeepLabV 3 + networks
were replaced by self-ONN layers to create our architecture.
Figure 7 depicts the architecture of the self-ONN based Dee-
pLabV3+model. We also conducted comparisons between
the networks to demonstrate the superiority of our self-
ONN-based network.

ISUP Grade Classifier

The concluding phase of the framework employs a machine
learning classifier to determine the ISUP grade of a biopsy,
leveraging the pattern or grade distributions derived from
the classification and segmentation of patches. The percent-
age of all the grades of malignant tissue (benign, Gleason 3,
Gleason 4, and Gleason 5) in a WSI were calculated from
both the classification and segmentation approach. For the
classification approach, the proportion of each class within
the total number of patches was determined. For the segmen-
tation approach, the proportion of the area covered by each
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class within the total area of malignant tissue was calculated.
These proportions served as feature vectors for training
machine learning classifiers aimed at predicting the ISUP
grade. Various machine learning classifiers were evaluated
to assess their effectiveness. The classifiers explored in this
research include multilayer perceptron (MLP), RandomFor-
est (RF), linear regression (LR), extraTrees (ET), k-nearest
neighbor (KNN), XGBoost, and support vector machines
(SVM). These classifiers were subjected to testing with
various hyperparameter configurations, with the optimal
set of hyperparameters being chosen based on performance
outcomes.

Experimental Setup

The dataset was divided into five folds subject-wise to do
cross-validation for model evaluation where each fold was
used once as a test set while the other folds were used for
training and validation. It was repeated for all the folds.
Models were set to train for 100 epochs and the best epoch
results were saved on the validation set results. The patch
images were resized to 224 x 224 pixels for classification
models and 256 x 256 for segmentation models before train-
ing as it is the input shape required to use ImageNet weights.
Segmentation models pytorch (SMP) package [47] was used
to implement the segmentation models. Images were also
normalized using standard normalization. A combination of
Adam optimizer with a learning rate of 0.0001 provided the
best results. The hardware configuration used for the experi-
ments was Intel(R) Xeon(R) CPU, NVIDIA GeForce RTX
3090, 64 GB RAM, Python 3.9.16, and Pytorch version 1.13.

Numerical Results
Performance Metrics

The most common metrics employed to evaluate the perfor-
mance of classification include precision, recall, F1-score,
and accuracy. These metrics can be calculated using the fol-
lowing formulas:

T,
Precision = €))]
T,+F,
Recall /Sensitivi T,
tvity =
ecall /Sensitivity T +F, )
Specificity = u
pecificity T.+F, 3)
Flscore = 2 X PI'E.:C.ISIOH X Recall @
Precision + Recall
Yo T,
Accuracy = —=L ¢ )]

Ny

where T}, is true positive, F, is false positive, F,, is false nega-
tive, T, is true negative, and Ny is the number of classes.
For evaluating segmentation performance, commonly
utilized metrics include the intersection over Union (IoU),
dice similarity coefficient (DSC), false negative rate (FNR),
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false positive rate (FPR), and specificity, all of which were
also employed in this work. Formulas used to calculate these
metrics are provided below:

Tp
IoU=—F — (6)
T,+F,+F,
DSC 2
2T, +F,+F, 0
FNR Fy
= ()
T,+F,
F P
FPR = )
F,+T,

where Tp is true positive, F, is false positive, F,, is false nega-
tive, and T, is true negative, respectively.

In this research, the primary evaluation metric employed
for final ISUP grade prediction was the quadratic weighted
kappa (QWK) which was also the primary metric used in
the PANDA challenge, assessing the degree of agreement
between the predicted labels and ground truth labels. The
QWK was derived by initially constructing an N-by-N con-
fusion matrix M, where N =6 (ISUP grades 0-5). For every
element M, ;, i"™ row corresponds to the ISUP score that was
the ground truth and the j'" column to the predicted score.
The N-by-N weight matrix w is formulated from the squared
differences between the target and predicted scores using the
following equation:

=)y

W N2 (10)

Furthermore, a confusion matrix of expected outcomes,
E, was calculated under the assumption that there was no
correlation between the ground truth and predicted labels.
QWK was then computed by multiplying the elements of
the weight matrix w with those of the confusion matrix M,
and the expected outcomes matrix E, following the formula:

ZiZjWiiMij
WK = ——————
¢ Zi Zj Wi,jEiJ b

Classification Performance
The classification performance of deep learning models

will be discussed in this section. The classification models
were trained separately on patches of size 500 x 500 and
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1000 x 1000 to investigate the effect of the area of region
available in the patch.

Classification Results on 500 x 500 Sized Patches

EfficientNet_b0 demonstrated the best metrics in terms of
F1-score and accuracy with the highest overall accuracy
of 90.13% and Fl-score of 83.83%, closely followed by
Densenet121 and Inception_v3, with accuracies of 89.48%
and 89.46%, respectively. Densenet121 had the highest
specificity of 92.95% of all the models. Figure 8a shows the
confusion matrices for the models and it can be observed
that most of the confusion was between Gleason 4 and Glea-
son 5. Vision Transformer showed a slightly lower perfor-
mance compared to the other models. Table 4 shows the
different classification performance metrics of all the models
like F1-score, precision, and sensitivity, on 500 X 500 sized
patches.

Classification Results on 1000 x 1000 Sized Patches

Densenet121 showed a slight dip in accuracy to 88.9% but
exhibited an improved F1-score of 83.51%. EfficientNet_b0
maintained a robust performance with an accuracy of 89.2%
and an F1-score of 83.83%. Inception_v3, however, experi-
enced a notable decrease in performance across all metrics
indicating a potential challenge in handling image patches
with more tissue region. Figure 8b shows the confusion
matrices for the models. Vision Transformer displayed a
comparable performance to its 500 X 500 patch size metrics,
with a slight improvement in accuracy to 88.94% and preci-
sion to 82.68%. Table 5 shows the different classification
performance metrics of all the models like F1-score, preci-
sion, and sensitivity, on 1000 X 1000 sized patches.
Overall, EfficientNet_bO consistently outperformed
the other models across most metrics for both patch sizes,
showecasing its effectiveness with varying input dimensions.
DenseNet121 also delivered a strong performance, consist-
ently achieving an F1-score above 80% in both datasets. In
contrast, Inception_v3 and Vision Transformer fell short of
matching the performance levels of the former two models.

Segmentation Performance

In this section, the segmentation performances of the deep
learning models will be discussed. Following the superior
performance of DenseNet121 and EfficientNet networks in
segmentation, these encoders were investigated and com-
bined with the UNet.
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Fig.8 Confusion matrix for Densenet121 and EfficientNet_b0 on 500 x 500 patches (a) and DenseNet121 and EfficientNet_bO on 1000 x 1000
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Segmentation Results on 500 x 500 Sized Patches

EfficientNet UNet showed slightly better performance over-
all compared to DenseNet UNet and significantly outper-
formed the baseline UNet model. The EfficientNet UNet

achieved an accuracy of 55.62%, an IoU of 88.39%, and a
Dise score coefficient (DSC) of 89.56%. It also showed supe-
rior performance in segmenting benign and various Gleason
score categories, with the highest DSC of 91.4% for Gleason
5. DenseNet UNet also demonstrated strong performance
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with an accuracy of 55.36%, an IoU of 87.53%, and a DSC
of 88.73%. Its performance across different Gleason scores
was commendable, particularly with a high DSC of 96.26%
for benign cases. The baseline UNet model had significantly
lower performance metrics with an accuracy of 55.05%, an
ToU of 49.58%, and a DSC of 52.1%. This showed the effec-
tiveness of the ImageNet-based encoders.

The DeepLabV3 and DeepLabV3 + architectures demon-
strated excellent performance across all metrics. The Deep-
LabV3 model with EfficientNet encoder achieved an accu-
racy of 81.09%, an IoU of 83.14%, and a DSC of 84.51%.
It performed particularly well in segmenting Gleason score
5, attaining a DSC of 91.93%. The DeepLabV3 + with Effi-
cientNet encoder model had a slightly lower overall accuracy
of 80.92% but comparable IoU (83.27%) and DSC (84.69%)
to the DeepLabV3 variant. Its DSC for Gleason 5 was also
high at 91.98%. The incorporation of SelfONN boosted
the performance further with DeepLabV3 with Self-ONN
achieving an 80.96% accuracy, 83.30% IoU, and 84.72%
DSC, with its best DSC of 92.33% for Gleason 5. The Dee-
pLabV 3+ with SelfONN emerged as the top performer with
81.14% accuracy, 83.47% IoU, and the highest overall DSC

of 84.90%. It excelled at segmenting Gleason 5 with a DSC
of 93.04% while maintaining competitive performance for
other grades. These results highlight the effectiveness of
the DeepLabV3 and DeepLabV3 + architectures, especially
when combined with SelfONN, in accurately segmenting
prostate cancer. Table 6 shows all the performance metrics
of the segmentation models on the 500 x 500 sized patches
like Dice Score (DSC) for each class and the Intersection
over Union (IoU).

Segmentation Results on 1000 x 1000 Sized Patches

DenseNet UNet reported an accuracy of 84.40%, an IoU
of 79.00%, and a DSC of 80.94%. EfficientNet UNet main-
tained competitive performance with an accuracy of 84.25%,
an IoU of 76.45%, and a DSC of 78.42%. This model
showed a balanced performance across different Gleason
scores, with the highest DSC of 85.37% for Gleason 5.
The baseline UNet’s performance improved significantly
on the larger patches, achieving an accuracy of 83.99%,
an IoU of 75.62%, and a DSC of 77.85%, but it was still
not as effective as the other two models. The DeepLabV3

Table 4 Performance metrics

. . . Model Accuracy Precision Sensitivity F1-score Specificity

of classification models (in

%) trained on 500500 sized Densenet121 89.48 80.68 80.39 80.38 92.95

patches Efficientnet_b0 90.13 83.92 83.85 83.83 92.01
Inception_v3 89.46 82.07 81.81 81.83 92.35
Vision Transformer 88.51 80.06 80.21 79.67 90.30
The bold values indicate the highest values in the column

Table 5 . P erf.orrnance me.trics Model Accuracy Precision Sensitivity F1_score Specificity

of classification models (in %)

trained in 1000 1000 sized Densenet121 88.90 84.49 83.14 83.51 92.16

patches Efficientnet_b0 89.20 84.40 83.60 83.83 91.90
Inception_v3 84.64 75.83 74.99 75.20 88.50
Vision Transformer 88.94 82.68 81.67 81.97 92.14

The bold values indicate the highest values in the column

Table 6 Performance metrics (in %) of segmentation models trained on 500 x 500 sized patches

Model Accuracy IoU DSC DSC (Benign) DSC (Gleason 3) DSC (Gleason 4) DSC (Gleason 5)
DenseNet Unet 79.65 81.51 82.98 72.86 86.91 82.42 89.72
EfficientNet UNet 80.29 82.34 83.78 73.51 87.55 83.13 90.93
Vanilla UNet 55.05 49.58 52.1 47.69 62.18 55.29 43.24
EfficientNet DeepLabV3 81.09 83.14 84.51 74.35 88.21 83.54 91.93
EfficientNet DeepLabV3 + 80.92 83.27 84.69 74.46 87.86 84.46 91.98
EfficientNet DeepLabV3 (with SelfONN) 80.96 83.30 84.72 74.36 88.37 83.82 92.33
EfficientNet DeepLabV3 + (with SelfONN) 81.14 83.47 849 73091 88.71 83.94 93.04

The bold values indicate the highest values in the column
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model with EfficientNet encoder achieved an accuracy of
83.85%, an IoU of 79.73%, and a DSC of 81.91%. It dem-
onstrated strong performance in segmenting Gleason 5 with
a DSC of 92.5%, while also performing reasonably well for
Gleason 4 (DSC 82.68%) and Gleason 3 (DSC 84.75%).
However, its DSC for benign cases was relatively lower at
67.7%. The DeepLabV3 +model had a slightly lower accu-
racy of 83.52% compared to the DeepLabV3 variant, but a
higher DSC of 81.11%. It excelled at segmenting Gleason
5, achieving the highest DSC of 93.47% among all mod-
els. Its performance on Gleason 3 (DSC 84.85%) was also
noteworthy. Incorporating SelfONN with the DeepLabV3
model led to a minor improvement in accuracy (83.67%) and
DSC (81.99%), while the IoU remained similar (79.71%). It
maintained a high DSC of 92.65% for Gleason 5 and showed

improved performance for Gleason 4 (DSC 83.96%). The-
DeepLabV3 + with SelfONN emerged as the top performer
with the highest overall DSC of 83.08% and an accuracy of
83.99%. It achieved the second-highest DSC for Gleason 5
at 93.56% and performed well for Gleason 4 (DSC 84.94%)
and Gleason 3 (DSC 85.6%). However, its DSC for benign
cases (68.21%) was relatively lower compared to some other
models. These results demonstrate the effectiveness of the
DeepLabV3 and DeepLabV3 + architectures, particularly
when combined with self-ONN, in accurately segmenting
prostate cancer across various Gleason scores. Table 7 shows
the performance metrics of the segmentation models on the
500 x 500 sized patches. Figure 9 shows a comparison of
predictions made by the different segmentation models.

Table 7 Performance metrics (in %) of segmentation models trained on 1000 x 1000 sized patches

Model Accuracy IoU DSC DSC (Benign) DSC (Gleason 3) DSC (Gleason 4) DSC (Gleason 5)
DenseNet Unet 84.40 79.00 80.94 69.35 85.45 80.15 88.81
EfficientNet UNet 84.25 76.45 78.42 69.15 79.33 79.85 85.37

Vanilla UNet 83.99 75.62 77.85 66.13 82.98 74.04 88.22
EfficientNet DeepLabV3 83.85 79.73 8191 67.7 84.75 82.68 92.5
EfficientNet DeepLabV3 + 83.52 78.88 81.11 66.28 84.85 79.84 93.47
EfficientNet DeepLabV3 (with SelfONN)  83.67 79.71 81.99 67.08 84.27 83.96 92.65
EfficientNet DeepLabV3 + (with SelfONN) 83.99 80.98 83.08 68.21 85.6 84.94 93.56

The bold values indicate the highest values in the column
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The proposed self-ONN-based DeepLabV3 and Deep-
LabV3 +models have significantly outperformed other mod-
els in segmentation performance. In terms of metrics, the
models slightly underperformed on the larger-sized patches
in patch-level segmentation. This also depicts the impact
of integrating advanced encoders with UNet architecture to
boost performance.

Performance of Final Grade Classifiers

The final stage of the framework consists of a machine learn-
ing-based classifier to predict the ISUP grade of a WSI from
the percentage distribution of each class in the image. First,
the percentage of each class (benign, Gleason 3, Gleason 4,
and Gleason 5) needs to be calculated for a WSI. These cal-
culations are performed using two methodologies (classifica-
tion and segmentation) outlined in the preceding sections. For
classification, the process begins with determining the number
of patches for each category predicted within the WSI. Subse-
quently, the percentage representation of each category is com-
puted, resulting in a vector that represents the class percentage
distribution within the WSI. Similarly, in segmentation, the
percentage calculations are done based on the predicted area
covered by each class within the WSI, which forms the cor-
responding vector. These vectors serve as input features for
training machine learning models. Initially, vectors derived
from deep learning models were utilized independently to train
and evaluate classifiers, aiming to assess the performance of
each model on its own. Following this, vectors from various
deep learning models were concatenated, serving as composite
features for the machine learning algorithms to evaluate the
efficacy of combining multiple deep learning models.
Models trained on 500 x 500 patches yielded superior
features compared to those trained on 1000 X 1000 patches.
Specifically, when using Densenet121-derived features, the
ExtraTrees classifier achieved the highest performance, with
a Quadratic Weighted Kappa (QWK) score of 0.8468. In
contrast, features derived from EfficientNet_b0, when used

with the XGBoost classifier, reached an even higher QWK
score of 0.8587, marking the highest score obtained from
models trained on 500 x 500 patches. Conversely, the best
QWK score achieved using features from 1000 x 1000 patch-
based models was significantly lower, at only 0.6424. This
evidence suggests that for classification tasks, the perfor-
mance of features from models trained on smaller, 500 x 500
patches is significantly better. Table 8 shows QWK scores
for all classifiers on features generated from different clas-
sification models.

Features generated from the segmentation networks over-
all showed better performance than the classification models
with the highest QWK score of 0.9140 achieved by Deep-
LabV3 + with self-ONN. Again, features from segmentation
models trained on 1000 X 1000 patches outperformed the
500 % 500 patch-based models which only achieved the high-
est score of 0.84, whereas the models based on 1000 x 1000
patches achieved highest QWKs of 0.8853 and 0.914,
respectively. Table 9 shows QWK scores for all classifiers
on features generated from different segmentation models.
Subsequently, to explore potential enhancements in perfor-
mance, various feature set combinations were tested. The
highest-performing models from both classification and
segmentation approaches were selected, and their feature
vectors were concatenated. This concatenated feature set was
then used to train the classifiers.

Table 10 shows the performance of the classifiers which
is the kappa agreement score QWK, on different feature
combinations (classification and segmentation). A combina-
tion of features has outperformed individual model features
in all cases. The combination of features from classification
models based on 500 X 500 patches achieved the highest
QWK score of 0.86 whereas feature combination of seg-
mentation models based on 1000 x 1000 patches achieved
0.91. The best QWK score of 0.9215 was achieved by the
RandomForest classifier trained on a combination of high-
performing features from both classification and segmen-
tation. This demonstrated a combination of classification

Table 8 Performance of

. Classifier fivefold cross-validated QWK
classifiers on features generated
from classification approach Trained on 500 X 500 patch size Trained on 1000 x 1000 patch size
Densenet121 EfficientNet_b0 Densenet121 EfficientNet_b0

MLP 0.842438 0.846698 0.590591 0.63705
RandomForest 0.835312 0.845768 0.552992 0.619265
Linear Regression 0.827112 0.838998 0.600642 0.642488
ExtraTrees 0.846861 0.854062 0.540032 0.626638
KNN 0.84099 0.847315 0.529318 0.599451
XGBoost 0.846367 0.858738 0.534543 0.636177
SVM Classifier 0.843084 0.853314 0.547538 0.628727

The bold values indicate the highest values in the column
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Table 9 Performance of classifiers on features generated from the segmentation approach

Classifier fivefold cross-validated QWK
Trained on 500 X 500 patch size Trained on 1000 % 1000 patch size
EfficientNet DeepLabV3 EfficientNet Deep- EfficientNet DeepLabV3 EfficientNet Dee-
(with SelfONN) LabV3 + (with SelfONN) (with SelfONN) pLabV3 + (with
SelfONN)
MLP 0.829008 0.790134 0.883217 0.909623
RandomForest 0.826295 0.786989 0.875651 0.9076
Linear Regression 0.836197 0.815572 0.881236 0.902995
ExtraTrees 0.840013 0.80784 0.884601 0.908974
KNN 0.818308 0.810445 0.881494 0.907084
XGBoost 0.82366 0.808155 0.879546 0.906277
SVM classifier 0.837823 0.804833 0.885375 0.914088

The bold values indicate the highest values in the column

Table 10 Performance of

i . Classifier fivefold cross-validated QWK
classifiers on different feature
combinations Classification models features Segmentation models features All combined
combined combined

MLP 0.857978 0.901554 0.910530
RandomForest 0.854837 0.911982 0.921568
Linear regression 0.844959 0.899536 0.903913
ExtraTrees 0.860701 0.899083 0.917415
KNN 0.848810 0.902129 0.905579
XGBoost 0.858815 0.903579 0.917771
SVM classifier 0.848420 0.902882 0.905025

The bold values indicate the highest values in the column

approach with segmentation as well as different patch sizes
have contributed to increased performance. Figure 9 shows
the confusion matrix for the best-performing classifier of
the framework.

Discussion

In this paper, a novel deep learning-based framework was
proposed in combination of classification and segmenta-
tion to predict grades of PCa from WSIs. The framework
included customized DeepLabV3 networks consisting of
self-ONN layers instead of CNNS. In the initial PANDA
challenge, there were reports of inconsistencies in labe-
ling. Despite these issues, the gap in accuracy between the
development and test sets was not markedly wide. This was
attributed to the development set comprising WSIs from
two different institutions. In contrast, this study observed
a considerably larger discrepancy in performance between
the training and test sets, primarily because the develop-
ment set originated from a single institution [48]. To gauge

the extent of label noise, the study assessed the reference
standard against labels obtained through a semi-automatic
method. The comparison revealed an accuracy of 0.675
(with a kappa score of 0.819) for the Gleason scores and
an accuracy of 0.720 (with a kappa score of 0.853) for the
grade groups [31]. Extensive data cleaning was performed
to tackle this issue and ensure that training and evaluation
of the framework were conducted reliably.

Although classification and segmentation are not new
approaches for PCa grade assessment, the novelty of the
framework lies in the combination of both classification and
segmentation techniques trained on different-sized patches
as well as the development of a customized segmentation
network based on DeepLabV3 and self-ONN. Classification
has been used extensively on the PANDA challenge dataset.
The winner of the challenge [34] used classification on a
representative image created from a WSI by concatenating
patches with dark regions, which have a higher probability
of containing cancer tissue. A similar approach was taken
by Yang et al. [49] and Nishio et al. [48] who performed
classification on such preprocessed images generated from

@ Springer
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whole slide images using a multi-channel ResNet network
and an EfficientNet network combined with a label distri-
bution technique respectively. The main concern with this
preprocessing technique is it may ignore vital regions when
creating the image thus causing a faulty representation of
the WSI. Esquivel et al. [28] performed patch-based clas-
sification training on the Radboud dataset and tested it on
their custom dataset as well as the Radboud dataset. They
achieved a kappa score of 0.74 on their custom dataset and
0.51 on the Radboud dataset respectively. Also, their clas-
sification was only limited to Gleason patterns 3, 4, and 5.
Nagpal et al. [50] patch-based classification and achieved a
70% accuracy in 331 cases. Praful et. al. [51] have proposed
radiomics-based deeply supervised U-Net for PCa segmen-
tation from MR Images. Their proposed method achieved
a maximum mean DSC score of 89.58% in a multi-site
T2-weighted MRI structured dataset.

Bulten et al. [31] introduced an advanced variant of UNet,
incorporating CycleGAN for image normalization and to
accommodate variations. They achieved a kappa score of
0.918 on an internal dataset training with the Radboud data-
set. Singhal et al. [32] also developed a custom U-net-based
architecture and achieved a QWK score of 0.93 although
they only tested on 1303 cases. Prabhu et.al [52] analyzed
Radboud University Medical Centre images to develop a
PCa detection system using five different types of deep
learning models, including MobileNet V2, Inception ResNet
V2, DenseNet 169, ResNet101 V2, and NASNetMobile.
The results showed that InceptionResNet V2 could accu-
rately classify data with a RMSE of 0.631664. Based on
the results of this study, the data was only classified using
transfer learning approaches and not segmented. In recent
work, Liang et.al [53] described an attention-LSTM-based
aggregator approach for PCa classification. With a five-fold
cross-validation method, their proposed LSTM-aggregator
achieved a maximum mean classification rate of 0.745
and a QWK of 0.903. Zhongyi et al. [54] propose a novel
Intensive-Sampling Multiple Instance Learning Framework
for PCa detection. They have achieved a maximum QWK
of 0.860 in classifying six different types of PCa using the
PANDA dataset. Yujie et al. [55]have proposed a novel
multi-stage fully convolutional neural network for prostate
segmentation in ultrasound images and achieved a maximum
binary classification accuracy of 99.15% and a mean DSC
score of 94.90% in the CCH-TRUSPS dataset. However, they
have achieved a maximum binary classification accuracy of
99.72% and a DSC score of 93.65% achieved using a multi-
site T2-weighted MRI structured dataset [55]. There are few
major challenges in their work: (a) the number of parameters
used for PCa classification is ~41B (b) the model has been
trained and tested with a limited number of samples (c) they
have not reported the performance of the model based on
QWK in their work.

@ Springer

According to Singh et al. [56], a novel 3D CNN can per-
form segmentation and classification of PCa based on MRI
images from the SPIE-AAPM-NCI prostate dataset. Using
binary classification (positive/negative), they achieved a
maximum accuracy of 87% and specificity of 85%. Based
on the PANDA dataset, Balaha et al. [57] proposed a deep
transfer learning-based approach with an optimizer for both
PCa segmentation and classification. A maximum segmen-
tation accuracy of 98.46% was reported using the U-Net
model, and a classification accuracy of 88.91% was reported
using the classification model. They developed a model for
segmenting and classifying PCa using deep learning across
three different datasets (PANDA, Transverse Plane, and
ISUP). Table 11 contains a comparison of our methodology
and results with the existing approaches toward PCa grade
assessment.

In our study, we integrated features derived from both clas-
sification and segmentation techniques to classify PCa images
according to ISUP grades, establishing a more robust frame-
work that leverages the strengths of both approaches while
minimizing errors. Additionally, we explored the use of two
patch sizes, 500 x 500 and 1000 1000 while most studies used
single-sized patches ranging from 299299 to 911 x911.

A critical aspect of our research was the implementa-
tion of fivefold cross-validation, which allowed for optimal
utilization of the data and enabled comprehensive reporting
on the dataset’s entirety. This approach significantly contrib-
uted to a more dependable assessment of the model’s per-
formance. In our study, both the training and testing phases
were conducted using data from the same source, without
evaluating the model on an external, unseen dataset. While
this method guarantees a certain level of generalization and
robust performance within the studied dataset, it leaves the
model’s efficacy on new, untested data open to question. The
inability to use the Karolinska dataset for training stemmed
from the absence of cancer grade annotations in the masks,
coupled with variations in staining colors, which would ren-
der predictions on this dataset less effective. Looking ahead,
employing generative adversarial networks (GANs) could
offer a solution for adapting to stain variations and facilitat-
ing model training that is resilient to differences in staining.
In the future, enhancing the Karolinska dataset with cancer-
grade masks could generate a new dataset that facilitates
more generalized training and evaluation of models.

Conclusion

This research introduces a novel framework that integrates
classification and segmentation networks for analyzing tissue
images to identify the distribution of different cancer cell pat-
terns. The framework uses classification and segmentation net-
works to calculate the distribution of the percentage of different
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cancer cell patterns in the tissue image and then uses a machine
learning classifier to predict the final ISUP grade. The study
used the Radboud University Medical Center’s dataset from
the PANDA challenge, selecting 2699 out of 5160 cases. It
employed five-fold subject-wise cross-validation, utilizing
500500 and 1000x 1000 patches in classification and seg-
mentation networks. The classification networks achieved the
highest F1-score of 83.83%, and segmentation networks a DSC
of 84.9%. Self-ONN improved segmentation performances in
DeepLabV3-based models. These networks helped compute
cancer pattern percentages in WSIs for machine learning clas-
sifiers, including MLP, RandomForest, and SVM. Performance
improved by merging features from classification and segmen-
tation models, achieving a QWK score of 0.9215, surpassing
many existing methods. Future directions include making the
models tolerant to staining intensity variations for broader
applications and the noisy data in the dataset can be relabeled
with better segmentation models to be made usable for train-
ing. This study underscores the promising potential of deep
learning in grading PCa, while also highlighting the need for
further research to overcome current limitations and assess the
framework’s clinical applicability.
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