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Article
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Metastasis Using Machine Learning

Opeyemi Bamigbade

A Project Submitted to the Department of Systems Engineering, Univeersity of Lagos, Akoka in Partial
Fulfilment of the Requirement for the Award of Bachelor of Science (B.Sc. Hons) Degree in Systems
Engineering. SUPERVISOR: DR O.0. POPOOLA

Abstract: Background: Prostate cancer is the second most frequent malignancy (after lung cancer) in men
worldwide. Prostate tissue biopsies are usually graded using scores according to the Gleason grading system.
This Gleason score is the most porpular prognostic marker that reveals the potential aggressiveness of the
disease. However, inter-observer variability in rating by human assessors is a major limiting factor. Such
variability could lead to missing a severe case or suggesting unnecessary treatments. This study explores the
discriminative ability of artificial intelligence (deep learning models) for Gleason score assessment. Objectives:
The study was designed to use whole-slide images of digitized H&E-stained biopsies of prostate tissues to
automate the grading process and provide a remotely accessible clinical decision support system. Methods:
Custom convolutional neural network architectures were trained on 10,616 images of prostate tissues.
Gaussian filters were applied to pre-process the images and improve model performance. Transfer learning
was applied to train eight machine learning architectures namely: Xception, VGG16 & 19, ResNet101,
MobileNet, DenseNet121, EfficientNetB5 & B7. Results: Efficient NetB7 had the best performance 85.2%
compared with ground-truth classification by experts. Performance improves as more data is available. The
model was deployed and hosted as a web application API on Google cloud service to ensure remote access.
Tissue biopsy images can be uploaded and the corresponding Gleason score recovered immediately.
Conclusion: This system reduces diagnostics turnaround time, increase throughput and compensate for
limited skills especially in low resource settings.
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1. Introduction

Cancer is among the main causes of death worldwide. One of the most common cancers that
affect men worldwide is prostate cancer with incidence; 1.276 million new cases were diagnosed in
2019. To date, most cancer studies have concentrated on finding biomarkers that enable
differentiating malignant tumors from benign ones.

More recent studies, though, have focused on specific clinical aspects of tumors, such as
recurrence, progression, survivability, and metastasis, among others. In the 1950s, Pierre Denoix
devised a system that categorizes solid tumors into different stages. The classification (TNM) of
cancer progression is done by utilizing (T) the extension and the size of the main tumor, (N) the
lymphatic involvement, and (M) the metastasis levels. Researchers focused on identifying gene
expression patterns that correlate with disease progression, and can be used as predictive tools for
patient treatment and outcome. Moreover, advances in next-generation sequencing (NGS)
technology have made genomic data analysis widely available. The output of NGS sequencers
requires preprocessing algorithms to do things such as align the reads to a reference human genome
and assemble them into transcripts. Many genomic tools that align the RNA-Seq reads to the human
genome have been proposed, especially BLAST is one of the first tools developed to align reads.
TopHat2 is a widely used, open-source tool that incorporates Bowtie sequence alignment to align
reads. STAR is the fastest RNA-Seq sequence alignment algorithm to date, although it requires huge
computational resources to perform efficiently. Based on the need for understanding the biological
basis of the visual Gleason microscopic assessment.
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The Gleason score is a pathological grading system to examine the potential aggressiveness of
the disease in the prostate tissue. Advancements in computing and next-generation sequencing
technology now allow us to study the genomic profiles of patients in association with their different
Gleason scores more accurately and effectively. This score is calculated by adding two numbers: the
most common pattern of the tumor cells is used as the first number, while the second number
corresponds to the next most common pattern. Each individual score varies from 3 to 5, depending
on the aggressiveness of the tumor, where the highest score means the most aggressive form of
cancer.

In addition to radiation therapy, which has improved survival rates through the development
of equipment and combination with hormonal therapy, the development of new drugs, such as
androgen signaling target drugs and chemotherapeutic agents, continues to reduce mortality rates
associated with single and combined therapy. To facilitate early diagnosis and to avoid unnecessary
prostate biopsies, multipara metric magnetic resonance imaging (mpMRI) using a Prostate Imaging-
Reporting and Data System (PI-RADS)6 and biomarkers such as free prostate-specific antigen (PSA),
total/free PSA ratio and 4Kscore,7 prostate health index,8 and PCA3 (prostate cancer antigen 3)9 may
be used to diagnose prostate cancer. The developed techniques of surgery, medicine, and diagnostic
tools could help to reduce mortality of prostate cancer.

Recently, artificial intelligence technology and machine learning methods have been applied to
analyze large amounts of data the medical field, and their adequacy and usefulness in diagnosis are
increasing. Analysis using a combination of machine learning methods and mammograms has led to
an accurate diagnosis of breast cancer, and an automatic grading system has been applied to
determine the Gleason grade of prostate cancer using histopathological images. Thus, in this study,
we will evaluate the applicability of machine learning methods that combine data on age and PSA
levels in predicting prostate cancer.

1.1. Problem Statement and Motivation

Gleason grading is associated with substantial interobserver variability, resulting in a need for
decision support tools to improve the reproducibility of Gleason grading in routine clinical practice.
While there are several methods to detecting prostrate metastasis with good performance on Gleason
score calculation and prediction such as prostate-specific antigen (PSA) blood test, a digital rectal
exam (DRE), biopsy methods etc. drawbacks associated with these current systems have motivated
further research into improvement in the Gleason score prediction processing system using machine
learning.

The first drawback is that some of these methods have varying cut-off point on severeness
detection. The prospect of having prostate cancer goes up as the PSA level goes up, however no set
cutoff point can tell for sure if a man has prostate cancer or not.

Second drawback is that some of these methods can be less effective and are often not
comfortable especially when DRE is the adopted method.

Lastly, non-standardized Gleason score from urologist after biopsy have been carried out can
lead to under or over treatment of the patients.

Machine learning and deep learning are approach for analyzing medical images. Using deep
learning to assess biopsy images results may improve the identification of salient characteristics in
the images which could enhance the Gleason score prediction and automate prediction process even
at the absence of enough specialists. However, training a deep neural network to achieve this goal
would require a large number of expertly labelled images.

1.2. Research Aim and Objectives

The aim of this study is to evaluate the ability of machine learning and deep learning system
(DLS) to automate the grading of diagnostic prostate biopsy specimens through the following
objectives:

1. Train and evaluate a deep learning architecture on the MRI to predict Gleason score.
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2. Examine the need for transfer learning approach to overcome the issue of more data in deep
learning towards achieving better accuracy at Gleason score prediction.

3. Improve on the existing ways of deploying Gleason score predicting system for clinical decision
making.

1.3. Scope and Limitations

We expect this decision support system to help pathologists to cut back the chance of over-or
under-diagnosis by providing pathologist-level second opinions on the Gleason score when
diagnosing prostate biopsy, and to support analysis on glandular carcinoma treatment and prognosis
by providing consistent diagnosing fully based on the standards of artificial intelligence. However,
the result of the system on each biopsy should rather been seen as the probability of obtaining the
predicted Gleason score and not the exact Gleason score for the sample tissue.

Also, the generality of the deployed model is limited to samples that are carefully preprocessed
as the training data with a tolerance level of 0.3. The author assumptions on properly captured data
are that the source of the data and labelling processes have carefully done by the providing institutes
( Karolinska Institute and Radboud University Medical Center)

1.4. Structure of dissertation

The rest of the dissertation is organized as follows. Chapter 2 reviews literature relating to
Machine Learning Approaches for the Prediction of Severity of Prostate Metastasis using the Gleason
score. Chapter 3 gives an overview of the methodology used to meet the objectives of the study.
Chapter 4 entails evaluating the outcome of the trained deep learning model and deployment options
including SaaS. Chapter 5 investigates deep learning techniques for model improvement.

2. Literature Review

This chapter reviews literature related to the epidemiology and pathology of cancer with special
attention to prostate cancer metastasis, as well as existing methods used to detect the severeness of
prostate cancer. Artificial intelligence approach to Gleason scores prediction and grading system for
prostate cancer through the use of biomedical image analysis which could be used to improve and
automate the Gleason score calculation. Literature related to existing alternative methods was also
reviewed, and the development areas in these new approaches highlighted. Special attention is given
to the existing machine learning paradigm and frameworks of the web-based Gleason score
prediction for prostate cancer metastasis severity detecting tool currently in development.

2.1. Epidemiology and pathology of prostate cancer metastasis

Cancer is a massive cluster of diseases which will begin in nearly any organ or tissue of the body
once abnormal cells grow uncontrollably, transcend their usual boundaries to invade neighboring
organs of the body and/or unfold to completely different organs. The latter method is named
metastasizing and may be a major reason behind death from cancer. in line with the World Health
Organization (WHO), Prostate cancer is the fourth commonest cancer overall and also the second
commonest cancer in men. There are approximately 1.1 million men worldwide diagnosed with
prostate cancer in 2012 (which accounted for 15% of all cancer incident cases in men), with almost
759 000 of the cases (70%) occurring in more developed regions. Prostate cancer is the second
commonest reason behind male cancer deaths in Western countries (Roberts et al., 2000). Its incidence
varies by a factor of more than 25 worldwide and the rates square measure highest in Australia/New
island and North America (with 2012 age-standardized incidence rates of 111.6 and 97.2 cases per
100000 men, respectively) and in the western and northern Europe geographical regions, because the
adoption of prostate-specific substance (PSA) testing and the ensuant diagnostic test (biopsy) has
become widespread in those regions. With over 300 000 deaths in 2012, prostate cancer is the fifth
leading reason behind death from cancer in men which account for 6.6% of all cancer deaths in men.
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Figure 2.1. Estimated age-standardized rates (World) in the world (per 100 000).

Table 2.1. Estimated incidence and mortality worldwide in 2012.

Estimated number Cases Death
World 1094916 307481
More developed regions 741966 142014
Less developed regions 352950 165467
WHO Africa Regions 51689 37486
WHO Region of the Americas 412739 85425
WHO Eastern Mediterranean Region 18585 12141
WHO European Region 419915 101419
WHO South-East Asia Region 38515 24932
WHO Western Pacific Region 153167 45977
IARC Member State (24 countries) 790747 157081
United States of America 233159 30383
China 46745 22603
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Figure 2.2. Estimated age-standardized rates (World) of incidence cases, males, prostate cancer

geographical mapping, worldwide in 2012.
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Figure 2.4. Estimated age-standardized rates (World) of deaths, males, prostate cancer geographical
mapping, worldwide in 2012.
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Figure 2.5. Estimated age-standardized rates (World) of incidence cases, males, prostate cancer trend,
worldwide in 2012.

According to the World Health Organization (WHO), Cancer is the second leading reason for
death globally, accounting for 9.6 million deaths estimation, (or one in six deaths). Lung, prostate
(1.28 million cases), colorectal, stomach and liver cancer are the commonest types of cancer in men,
whereas breast, colorectal, lung, cervical and thyroid cancer are the commonest among ladies (WHO,
2018).
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Figure 2.6. Number of new cases (a) and deaths (b) in 2018, both sexes, all ages.

Table 2.2. Cancer incidence and mortality statistics worldwide and by region.

Estimated number Cases Death
Eastern Africa 20816 12790
Middle Africa 11666 7133
Northern Africa 11770 5148
Southern Africa 12950 4699
Western Africa 23769 12528
Caribbean 17563 8605
Central America 33711 9921
South America 139111 35272
North America 234278 32686
Eastern Asia 193638 68472
South-Eastern Asia 35386 14914
South-Central Asia 41145 27015
Western Asia 27046 8026
Central and Eastern Europe 98138 33684
Western Europe 160684 32014
Southern Europe 99548 20522
Northern Europe 91391 21095
Australia and New Zealand 22096 3961
Melanesia 1078 401
Polynesia 217 67
Micronesia 105 36
Low HDI 53890 31129
Medium HDI 94077 48954
High HDI 324685 120204

doi:10.20944/preprints202402.1411.v1
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Figure 2.7. Incidence (a) and Mortality (b), both sexes.
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Figure 2.8. Age-standardized (World) incidence rates, prostate, all ages.
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Figure 2.9. Age-standardized (World) mortality rates, prostate, all ages.
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Figure 2.10. Age-standardized (World) incidence rates, prostate, by sex (a) and Age-standardized
(World) incidence and mortality rates, prostate.

Prostate cancer is cancer that happens within the prostate — a little walnut-shaped secreter
(gland) in men that produces the seminal fluid that nourishes and transports spermatozoon. it's one
amongst the foremost common forms of cancer in men. Prostate cancer usually grows slowly and is
initially constricted to the prostate secreter, where it should not cause serious harm or damages.
However, while some kinds of prostate cancer growth rate are slow and may need minimal or even
no treatment, other kinds are aggressive and can unfold rapidly. Prostate cancer begins once some
cells in your prostate become abnormal. Mutations within the abnormal cells' deoxyribonucleic acid
cause the cells to grow and divide sooner than healthy cells do. The abnormal (unhealthy) cells
continue living while other cells would die. The accumulating abnormal cells form a tumor which
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then grows to invade near tissue. Some abnormal cells also can break off and unfold (metastasize) to
different organs of the body. While several factors can increase the risk of prostate cancer, research
and analysis has highlighted age, race, family history and fatness as the major factors to prostate
cancer (Prostate Cancer - Symptoms and Causes - Mayo Clinic, n.d.).

2.2. Prostate metastasis severity detection

There is a scarceness of high-level proof that early that early diagnosis of prostate cancer can
forestall or minimize the issues ensuing from an outsized girdle tumor however one in all the
foremost contentious topics in medication continues to be whether or not testing for this quite
common tumor is within the best interests of individual patients. though there's a spectrum of
progression rates for this tumor, in most instances, prostate cancer replicates and spreads slowly. As
this tumour is uncommonly diagnosed before the age of forty years and therefore the chance of
clinical detection will increase as men age, most patients have comorbidities once diagnosed with
glandular (prostate) cancer. For this reason and since there aren't insignificant potential
disadvantages with the detection method and its consequences, it's necessary to see whether or not
the advantages of detection are likely to be greater than the unwanted effects of leaving a possible
prostate cancer undiagnosed. (Roberts et al., 2000). Several methods exist for detecting prostate
metastasis. Most prostate cancers are first found as a result of screening with a prostate-specific
antigen (PSA) blood test or a digital rectal exam (DRE).

2.2.1.1. Prostate-specific antigen (PSA) blood test

Prostate-specific antigen (PSA) is a protein made by cells within the ductless gland (both normal
cells and cancer cells). PSA is usually found in body fluid (Siemen), however a tiny low quantity is
additionally found within the blood. The PSA level in blood is measured in units referred to as
nanograms per cubic centimeter or milliliter (ng/mL). The prospect of having prostate cancer goes up
as the PSA level goes up, however no set cutoff point can tell for sure if a man has prostate cancer or
not. several doctors use a prostate specific antigen cutoff point of 4 ng/mL or higher when deciding
if a man might need further testing, whereas others may advocate it beginning at a lower level, such
as 2.5 or 3. One reason it’s onerous to use a set cutoff point with the prostate specific antigen test
when searching for prostate cancer is that many factors aside from cancer may have an effect on PSA
levels. Factors like age enlarged prostate, redness, ejaculation, riding a bicycle, sure medical specialty
such as urology procedures, certain medicines and medications, 5-alpha reductase inhibitors, herbal
mixtures etc. could alter (raise or lower) PSA levels

Figure 2.11. PSA test (Free PSA: Test, Results, and Prostate Cancer, n.d.).

2.2.1.2. Digital rectal exam (DRE)

For a digital rectal examination (DRE), the doctor inserts a gloved, lubricated finger into the
body part (rectum) to feel and gently check for any bumps or exhausting areas on the prostate that
may be cancer. Prostate cancers many times begin within the back a part of the gland and may
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typically be felt when performing a rectal test. This test is often uncomfortable (especially for who
have hemorrhoids), however it always isn’t painful and solely takes a brief time. DRE is less effective
than the PSA biopsy at finding prostate cancer, however it can sometimes find cancers in men with
normal PSA levels.

Urethra

Penis

Rectum
Cancerous
tumor

‘\

Scrotum

Figure 2.12. Detect prostate cancerous tumor with DRE.

2.2.2. Biopsy methods for Prostate Cancer

The screening tests mentioned above (PSA biopsy, DRE, or other tests) are used to look for
possible signs of prostate cancer. however, these tests can’t tell as expected if you have got cancer.
If the results of one among these tests is abnormal, there'll in all probability be a necessity for prostate
diagnostic test (biopsy) to know for sure if you have got cancer.

A biopsy is a procedure during which little samples of the prostate are removed then checked
out with a magnifier or microscope. A core needle biopsy is the main method used to diagnose
prostate cancer and it's mostly carried out by a specialist (urologist) to determine the presence, cause
and extent of disease in a living body. in line with (Brunese et al., 2020), biopsy for prostate cancer
can be done in several ways which can generally be categorized into:

1. The invasive methods: These are medical procedures that invade the body usually by
puncturing or cutting the skin or by inserting medical instruments into the body. According to
(Thomas, n.d.), the 3 major techniques used within the invasive methodology are:

(a) transrectal ultrasound (TRUS) guided systematics biopsy: This is considered to be the best
among these methods. The procedure is usually done after sedation whereby a doctor
inserts an ultrasound probe into the rectum to obtain images of the prostate.

(b) transurethral biopsy: this methodology is not usually employed and involves the insertion
of cystoscope into the urethra with the aim of recovering tissue samples from the prostate
through the urethral wall.

(c) transperineally prostate biopsy: this method is becoming popular due to the better
opportunity it offers at sampling the prostate in a systematic manner whereby, a
brachytherapy template is used to recover tissue for examination.

2. The non-invasive methods: These are medical procedures in which there is no break in the skin.
In prostate cancer imaging, the magnetic resonance imaging (MRI) with ultrasound are being
introduced to achieve targeted prostate biopsy instead of blind systematic biopsies. The
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techniques have been proven to be the best currently due to the level of accuracy and high

detection rate in diagnosis.

The end goal of any of these biopsies is to get the current representation of the cells which can
then be further examined for prostate metastasis grading. Gleason score or grade can be calculated
using different techniques and approaches based on the method of choice.

2.2.3. Gleason Score

The strongest correlating predictor of recurrence for prostate cancer is the Gleason score is the
but has substantial inter-observer variability, limiting its usefulness for individual patients.
Specialized urological pathologists do have a greater concordance, but such expertise and experience
are not widely available and accessible. Therefore, prostate cancer diagnostics could benefit from
reproducible, robust Gleason grading. Gleason score is a grading system used in the determination
of the severity or aggressiveness of diagnosed prostate cancer. Donald Gleason, a pathologist devised
this grading system that ranges between 1 (low risk) and 5 (high risk) to explain the severity of
cancerous cells from a biopsy. According to Gleason, cancerous cells can be grouped into five
different patterns based on the changes that can occur in normal cells to tumorous cells. lower grade
tumor cells are those with a score of 1 or 2 while higher-grade tumor cells are those closer to a score
of 5. The lower graded cells usually look similar to healthy cells and the higher graded cells look
entirely different from a regular cell due to mutation. The Gleason score in biopsies is the sum of
the most common pattern (primary) and the highest secondary pattern (e.g. 3+5). In the latest
revision of the Gleason grading system, five prognostically distinct grade groups were introduced;
assigning scores 3 + 3 and lower to group 1, 3 + 4 to group 2, 4+3 to group 3, 3+5, 5+3, and 4+4 to group
4, and higher scores to group 5. Although clinically relevant, initial research shows that this transition
has not reduced the observer variability of the grading system, (Ryu et al., 2019).
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-Predominantly lacking glands with a lesser
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Lacks gland formation (or with necrosis)
with or without
poorly-formed/fused/cribriform gland.

Figure 2.13. Demystified Gleason scores and meanings.

2.2.3.1. Methods and Approaches to Gleason Score Prediction

After a biopsy has been carried out, the resulting images need further examination for grading
to measure the severity of the prostate cancer which is key in determining in identifying appropriate,
patient-tailored treatment options. Several methods and techniques have been proposed,
experimented with and used in the determination/prediction of Gleason Score.

A review by (Vargas, 2014) to determine prostate cancer aggressiveness via Gleason scoring
system, Whole-Lesion Histogram Analysis of the Apparent Diffusion Coefficient was used. This
method intends to evaluate the relationship between prostate cancer aggressiveness and histogram-
derived apparent diffusion coefficient (ADC) parameters obtained from Whole-Lesion assessment of
diffusion-weighted magnetic resonance (MR) metric to The ADC may be a comparatively easy metric
which will be calculated on a pixel-by-pixel basis with the quality clinical commercial magnetic
resonance imaging platforms after which the mean or media can be used to correlate the ADC
values with the prostate cancer Gleason scores. However, there is no consensus on the best metric to
determine lesion ADCs derived from the multiple pixels that are contained within each prostate
cancer focus. The standardization of quantitative ADC metrics is of crucial importance in order to
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establish the ADC as a robust and sturdy biomarker for predicting prostate cancer Gleason scores.
The heterogeneous nature of prostate cancer imposes bound limitations on a number of the most
commonly used metrics. In contrast to the traditional practice of treating medical images as pictures
intended solely for visual interpretation, the emergence of radionics which is a method used in the
extraction of a large number of features from radiographic medical images using data
characterization algorithms opened lots of possibilities at the application other advance techniques
in the determination and prediction of the Gleason score with improved and better predictive
accuracy.

In accordance to (Brunese et al., 2020), a set of radiomic biomarkers can be computed directly
from magnetic resonance image making it possible to obtain high-quality medical radiomic featured
images using the non-invasive approach. In his contribution, he provided a formal model fully based
on an algorithm designed by him to detect the prostate cancer Gleason score and whether the prostate
cancer needs surgical treatment. the formal specifications considered for the formal model heavily on
mathematical syntax and semantics. The system behavior was represented with as Labeled transition
System (LTS) consisting of a set of nodes and a set of a labelled edge connecting the nodes. With this
model, one can detect the Gleason score and the surgery treatment is predicted directly from MRIs
exploiting radiomic features. Though this formal method can discriminate between several Gleason
scores prostate cancers and even predict the surgery treatment, but there is no room for improvement
without altering the entire system designed. The use of radiomic features as a non-invasive biomarker
in the prediction of the Gleason score for prostate cancer never seized as seen in (Chaddad et al.,
2018). Studies emphasized on the fact that prostate-specific Antigen alone is not an accurate indicator
of prostate cancer but rather, the combination with magnetic resonance (MR) imagery of the type
multi-parametric sequence can contribute greatly in diagnosis, staging and treatment monitoring of
different types of tumor. In addition to this, Prostate Imaging Reporting and Data System showed
that this scoring method is capable of predicting the risk of prostate cancer presence based on the MR
images. However, the method is highly dependent on the interpretation of the images from the
experienced radiologists that carried out inter-reader variability. Non-invasive techniques for the
analysis of tumor properties based on MR images known as radiomics has recently been the starting
point for tumor heterogeneity study to properly determine the associated Gleason score. Leveraging
machine learning on radiomic features has made it possible to analyze large numbers of prostate
cancer images which is gradually eradicating the limitations to Gleason score prediction.

2.3. Artificial Intelligence in Gleason score grading system

Artificial intelligence like machine learning and notably deep learning has the potential to
improve the standard and quality of Gleason grading by improving consistency and providing
expert-level grading independent of location (Ryu et al., 2019). The use of machine learning and deep
learning in the determination of prostate cancer aggression through Gleason score prediction cannot
be neglected. Trained models may be used to automate pattern identification utilized in decision-
making and extract predictions on future data (Lee et al., 2017).

2.3.1. Machine learning for Gleason score prediction

Machine learning, a branch of artificial intelligence which uses a variety of probabilistic,
statistical and optimization techniques that allows computers to learn and detect latent patterns from
past examples in large, noisy and complex data sets has greatly been used in Gleason score prediction.
As seen in (Cruz & Wishart, 2006), Early use of machine learning in cancer research centered around
identifying, classifying, detecting, or distinguishing tumors and other malignancies. In different
words, ML has been used primarily as an aid to cancer detection and diagnosing. But of recent,
researchers have tried to use machine learning for cancer prediction and prognosis. There are many
machine learning algorithms readily available for researchers depending on the method of approach
and dataset. These algorithms can majorly be categorized into unsupervised, supervised and
reinforcement learning. Most researches that have adopted artificial intelligence in Gleason score
prediction utilizes supervised learning which is a type of machine learning that learns from historical
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labelled data. (Citak-Er et al., 2014) used discriminant analysis and Support Vector Machine to predict
Gleason score based on Preoperative Multiparametric MR imaging of Prostate Cancer. Computer-
aided detection and diagnosis (CAD), which is a combination of imaging feature engineering and ML
classification, has shown potential in assisting radiologists for accurate diagnosis, decreasing the
diagnosis time and the cost of diagnosis. Traditional feature engineering methods are based on
extracting quantitative imaging features such as texture, shape, volume, intensity, and various
statistical features from imaging data followed by an ML classifier such as Support Vector Machines
(SVM), Adaboost, and Decision Trees etc. (Yoo et al., 2019). Several studies have shown the diagnostic
power of multiparametric MRI for prostate cancer. In their study, a computer-aided diagnosis system
that combined clinical and multiparametric MR findings were developed to predict preoperatively
the final Gleason score of prostate cancers. While various machine learning algorithms were tested
for the prediction and classification of prostate cancer and they mainly differed in the selection of the
predictive parameters, the 5-point Likert scales of prostate MR images have not been previously
evaluated. Linear discriminant analysis and support vector machine (SVM) classifiers which is a type
of supervised machine learning algorithm were compared for their classification performances after
a standard or a Gaussian kernel principal component analysis. Additionally, the work evaluated the
contributions of the predictive parameters on prostate cancer malignancy detection by employing an
SVM based recursive feature elimination and utilized the kernel trick to enhance the performance of
classifiers. The SVM algorithm performed better at the construction of optimal separating hyperplane
that maximizes the margin where the margin is the largest distance to the nearest training data point
of any class. A major success was recorded when MRI along with prostate cancer analysis was used
in the research. While magnetic resonance imaging has been rumored to own diagnostic worth for
prostate cancer, it was proposed that quantitative diffusion tensor imaging (DTI) analysis can be used
to discriminate PC from normal tissue. The application of a Gaussian kernel PCA improved the
performances of each classification models for an accurate prediction of final Gleason score based on
clinical findings and preoperative multiparametric Magnetic Resonance imaging for the limited
patient population whereas exploiting the complicated relationship between predictive features. The
LDA provided gave marginally higher clearness than the SVM strategy, which might be known with
the tiny intraclass separation. It was seen that multiparametric-MRI highlights were a higher priority
than clinical highlights dependent on SVM-REFE scores, and applying highlight disposal technique
expanded the order exhibitions of the models.

2.3.2. Deep learning for Gleason score prediction

Deep learning is a form of machine learning which aims to mimic functions of the biological
human brain by making use of a multi-layered neural network which allows the transfer of
information, through interconnected layers, for analysis and decision-making (Lee et al., 2017). Deep
learning has already been investigated and shown promising use in diagnostics in several medical
fields with examples in radiology, ophthalmology, dermatology, and pathology (Ryu et al., 2019) due
to its outstanding performance in computer vision tasks such as segmentation, classification, and
object detection. Previous studies have applied feature-engineering (a very useful tool in machine
learning) approaches to address Gleason grading. Eventually, the field transitioned to deep learning
application in detecting cancer. An artificial neural network (ANN) consists of multiple neurons.
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Figure 2.14. The structure diagram of a neuron (Y. Liu & An, 2018).

Deep Learning methods consist of convolution layers that can extract different features from
low-level local features to high-level global features from input images. A fully connected layer
(ANN) at the end of the convolutional neural layers (CNN) converts convoluted features into the
probabilities of certain labels. A simple structure diagram of CNN is shown in the figure below
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Figure 2.15. The structure diagram of CNN (Y. Liu & An, 2018).

Different types of layers, such as batch normalization layer, which normalizes the input of a
layer with a zero mean and a unit variant, and dropout layer, which is one of the regularization
techniques that ignores randomly selected nodes, have been shown to improve the performance of
deep learning-based methods. The layered structure of a CNN is therefore what allows the extraction
of features that are so complex or subtle that they may be unknown or not easily identifiable by
humans. Nevertheless, to achieve convincing performance, optimal combinations and structures of
the layers, precise fine-tuning of hyper-parameters as well as computational resources are required.
This remains as one of the main challenges of deep learning-based methods when applied to different
fields such as medical imaging (Yoo et al., 2019). There several varieties of deep learning architectures
for image analysis based on the desired end goal and layers are arranged to meet needs. This
flexibility has given room for researcher and deep learning practitioners to implements lots of state-
of-the-art architecture of which CNN finds itself most useful in almost all.

U-Net is an example of convolutional neural network architecture optimized for image
segmentation. It consists of an encoder and decoder pathway with skip connections that allow
recovery of the original image resolution while providing voxel-based segmentation into tissue
classes. There are several others of which some has been named based on the level of hidden layer in
them while others are named based on the structure of the architecture.
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Figure 2.16. The architecture of the U-Net based network. Each blue box denotes the feature map with
multi-channels (Zhang et al., n.d.).

Another good example of CNN architecture is the XmasNet inspired by VGG net which
performed greatly on the dataset it was trained on (S. Liu et al., 2017). XmasNet architecture is
described in the figure below.

FC1 RelU

Co, 8y R, o).
Z (0,
‘ U FC2 RelU Softmax

Figure 2.17. The architecture of the XmasNet. Conv: convolutional layer; BN: batch normalization

layer; ReLU: rectified linear unit; Pooling: max-pooling layer; FC: fully connected layer.

The list of these architectures is endless as there are countless ways the different components of
CNN architecture can be arranged. The main limitation of deep learning, which has significance for
medical applications, is the high dependency on large amounts of high-quality data (Lee et al., 2017).
The reason for the lack of large medical image data sets is that medical images are often costly to
acquire, and a large amount of work needs to be done by experts to produce and label the images.
Furthermore, there are privacy and ethical issues with collecting and analyzing medical images
which need to be overcome to ensure that patient integrity are not breached (Lakhani et al., 2018). To
overcome the problem of insufficient data sets, the most common and effective methods are data
augmentation, transfer learning or the use of generative models such as generative adversarial
networks (GANSs).

2.3.2.1. Data Augmentation

A common problem encountered when training a deep learning model on a limited dataset is
memorization which occurs when the model becomes too closely fitted to the training data (Wong et
al., 2016). For example, instead of grouping medical image data into “affected” and “unaffected”, for
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a particular disease, an inadequately trained deep learning algorithm would correctly classify the
training image dataset and any new image (affected or un-affected) as un-affected as it is not part of
the original affected training group. To prevent overfitting or memorization of the training data and
increase the accuracy and generalization of CNNSs, the training data can be augmented (Wong et al.,
2016). Traditional methods of data augmentation include adding noise and applying transformations
(rotations, translations, zoom, flipping, shearing and colour perturbation) to images, which are done
before the images are fed into the network for training. Many machine learning libraries have built-
in data augmentation functions which can be run automatically. Data augmentation can also be done
through 3D rotation and slicing (S. Liu et al., 2017). This multi-view technique reformulates the 3D
problem into a 2D problem and enables the incorporation of 3D information in the 2D inputs.

DAK AKT
DAT DKT
a b

Figure 2.18. Examples of the four types of input images for XmasNet. b. Illustration of data

C

augmentation through 3D slicing. c. Illustration of data augmentation through the in-plane rotation.
The red dashed box in ¢ shows the cropped 32x32 region of interest (ROI) centered at the lesion.

2.3.2.2. Transfer Learning

Transfer learning utilizes a process suited for one specific task to help in solving a different
problem by transferring knowledge from a large dataset, a source domain, to a smaller dataset, the
target domain (Lakhani et al., 2018). An example of this would be modifying a deep learning
algorithm originally trained on natural images to classify radiographic images. The underlying
assumption in transfer learning is that all images are inherently made up of similar features such as
edges and blobs enabling algorithms to be manipulated for a variety of different applications
(Tajbakhsh et al., 2016). i.e. the performance of using a pre-trained model on a specific dataset is
dependent on the similarities between the classes or categories on which the model was trained on
and the applied dataset. Shin et al. (2016) demonstrated that pre-trained networks often perform
better than models trained from scratch, regardless of training data size. The authors reported
thoracoabdominal lymph node detection and interstitial lung disease classification by fine-tuning
CNN models pre-trained from natural image datasets. They concluded, in agreement with Zhu et al.
(2012), that when searching for an optimal solution, emphasis should be placed on considering the
trade-off between using better transfer learning models as opposed to using more training data.
Lakhani et al. (2018) successfully used transfer learning to develop a classifier that differentiates
between the chest and abdominal radiographs using only 65 training images. This was done by
removing the final fully connected layers of the pre-trained model and inserting additional layers
with random initializations, to allow the model to learn from the new medical data.

2.3.3. Deep learning and pathologists’ performance comparison

At the moment, there is a lack of clear direct comparison of CNN performance to a practical
consecutive clinical cohort with high-quality data annotation and with CNN evaluating image data
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that includes the apparent diffusion constant as the probably most important component in prostate
MRI. Some published studies examine CNN performance by using T2-weighted imaging solely or
use performance metrics that cannot be directly compared with the clinical performance (for instance,
the distinction of manually preselected patches of noncancerous tissues or indolent prostate cancer
from clinically important prostate cancer)(Siegel, 2020). withal, the DLS showed higher proficiency
than general pathologists at Gleason grading prostate needle core biopsy specimens and generalized
to an independent institution as seen in (Nagpal et al., 2019) However, future research and analysis
are necessary to evaluate the potential utility of exploitation the DLS as a call support tool in clinical
workflows and to improve the quality of prostate cancer grading for therapy and medical decisions.
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Figure 2.19. Comparison of deep learning system (DLS) and Pathologist Agreement Rates with
Subspecialists at Gleason Grading of Tumor-Containing Biopsy Specimens.

2.4. Summary of literature review

The Gleason score is the strongest correlating predictor of recurrence for prostate cancer but has
substantial inter-observer variability, limiting its usefulness for individual patients. Specialized
urological pathologists have greater concordance; but such expertise is not widely nor readily
available. When trying to detect prostate cancer, Prostate-specific Antigen alone is not an accurate
indicator cancer but rather, the combination with magnetic resonance imaging of the type multi-
parametric sequence will contribute greatly in identification, staging and treatment monitoring of
various types of tumor. The best-automated method to prostate cancer grading using artificial
intelligence approach is deep learning due to its capability to identify salient characteristics which
have great potential to increase the quality of Gleason grading by improving consistency and offering
expert-level grading independent of location. Furthermore, the limitation of deep learning from
dataset volume perspective in Gleason score prediction can be overcome using data augmentation,
transfer learning and even Generative adversarial networks provide an opportunity to overcome this
limitation as they can produce synthetic images which are similar to the original images. However,
to date, there have been no reports in the literature on the generation of synthetic indurations.

3. Methodology Review
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The aim of this study is to evaluate the ability of machine learning and deep learning system
(DLS) to develop decision support system on Gleason score prediction for prostate cancer metastasis.
The following methodology was used to achieve the aforementioned objectives:

In section 3.1, the author trained a custom CNN on analyzed, preprocessed data and extracted
features and did evaluation on the model outcome.

In section 3.2, the author explores the use of transfer learning using state of the art architectures
such as Efficientnet, VGG, Xception, ResNet and DenseNet by unfreezing the deep layers for new
feature extraction to obtain new weights with before making prediction.

In section 3.3, the author saved the best model in deployable format and explored the best
approach to having the model deployed with the view of having better user experience.

Objective 1 Objective 2 Objective 3
e ) / Examination of the need for 4 w
transfer learning approach to >/ Improve on the existing ways

Training and evaluation a deep
learning architecture on the MRI to

overcome the issue of more
data and custom architecture

of deploying Gleason score
predicting system for clinical

predict Gleason score.

A 4

grid search in deep learning 3> <
towards achieving better decision making

accuracy. 4 & J

1. Use of state of the art
architectures like
Efficientnet, VGG16&19,
Xception, ResNet and
DenseNet on the
preprocessed data

2. Hyperparameter tuning for
optimization

1. Save the trained model in
a readily deploy format

2. Explore best method to
deploying the model to
production as software as
a service with a view of
better user experience

1. Analysis of the labelled
biopsies

2. Preprocessing of images

3. Feature extraction

4. Training a model with
custom architecture

5. Result evaluation

A trained deep learning model
with accuracy of 75%, 71% on|
training and testing data [——
respectively as obtained after
several trial and error

A trained deep learning
model with better accuracy
compared to the use of
custom architecture

A deployed decision support
system as "software as a
Iservice"(SaaS) for Gleason score|
probability prediction

RESULT
RESULT
RESULT

Objectives Process Bar

> Deployment as SaaS >

> Experimentation with custom architectures > Use ofPertained model architectures

Figure 3.1. The approaches used to achieve the objectives and overall aim of the project.

3.1. Custom deep learning architecture

The flexibility of how deep learning architecture are built has huge effect on the model outcome.
One of the challenges in deep learning is building the best architecture for the use case. The author
explored the use of deep convolutional neural network for feature extraction with artificial neural
network for the predictive top layer on the preprocessed data as described in the sections below:

3.1.1. Data analysis and preprocessing

The raw data was preprocessed by creating 36 tiles with the aim to reduce the whitespace in
each biopsy slide so that the model feature extraction stage can focus more on the region of cells
concentration.
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Figure 3.1.1a. A view of the raw data before tiles creation.
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Figure 3.1.1b. A view of the raw data after tiles creation.

With the tiles created, the images are further processed into gray-scale and resized into 224 x
224. The images are channeled into filtering pipeline where the gaussian filter is applied on them for
pattern spotting and recognition.
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Figure 3.1.1c. A view of the preprocessing image pipeline.

The concentration and the degree of cell metastasis in each cell sample was also explored using
the masking method whereby each biopsy slide is is laid with the region of interest mask just as
shown
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ID: 060121a306476ef401d8a21d6567dee6d ID: 08f055372c7b8a7e1df97c6586542ac8
Source: radboud ISUP: 1 Gleason: 3+3 Source: radboud ISUP: 2 Gleason: 3+4

ID: 068b0e3bedc35ea983f77accf8351cc8
Source: radboud ISUP: 3 Gleason: 4+3

Figure 3.1.1d. masked image for pattern spotting.

The training image labels were converted from given Gleason score which is the sum of minor
and major confirmed cell metastasis concentration into discrete numbers ranging from 0-9. With this,
the model can be trained on distinct number of classes and the prediction can be mapped back into
Gleason score respectively. The conversion process can be seen in the figure below:

Gleason score | ISUP grade
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A\ 4+3 a
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T 3+5 4
TR J;.,JA
N g W 5+3 4
P fa g SR, 445 5
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. Vs 1 9 5+5 -]
Gleason pattern (majority): 3

Whole slide image of a prostate biopsy
Figure 3.1.1e. Slides labels mapping.

The entire preprocessed data was divided into training and testing sets using split ratio of 70:30%
respectively whereby the model was fitted on the training set and the evaluated on the testing set.

3.1.2. Model training

The custom model of choice is the CNN with 32 filters to extract features and pattern spotting
in the deep layer of the neural network while a simple artificial neural network was used at the top
layer. The custom network architecture is shown in the figure below:



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 February 2024

doi:10.20944/preprints202402.1411.v1

[ separable_conv2d_input: InputLayer

107120120511
-1 120,120, 3

I separable_convzd — |

Toput | 7 130, 130, 5 |

put: | (7,120, 120, 30) |

[ |

e | @, 130, 130,307 |

wputs | €7, 120, 120, 30y |

batch,

[ input | 7. 120. 120, 30) |

[oupu: [ 120, 120, 30) |

T mpue [ - 120 120,300 |

[.m, Jing2d: M

" [oupu |7 60, 60, 30) |

dropout: Dropout

input: | (7. 60, 60, 30)
sutpuE | (7. 60. 60, 300

[—

N T RO OE TN
[Sotwwn: | . 0. 0. a0 |

| activation_1: Activation

input: | (7, 60, 60, 60)
output: | (2, 60, 60, 60)

inpat. | (7, G0, 60, 60)

bateh_ 1

| owpur: | (7. 60, 60, 60) |

]

. . [ impur ] 2 60, 60, 60y |
omv2!

i separable_conv2d 2

[Supar | 2. 60. 0. 60> |

(2. 60, 60, 60)
(2. 60, 60, 60)

outpur:

[ 6060600 |

‘ batch_

[ 0. o0 60) |

2. 60, &0, 00 |

| 30,30, 600 |

| dropout_1: Dropout

[E—

npur | (730, 30,1201 |

| activation_3:

output:_ | (7, 30, 30, 120) |

batch_s 3

[ 30 30,1200 ]

[ 500 120 |

[ input | 2. 30. 30, 1207 |

[ —

om0 |

Gutput | 7, 30, 30, 120) |

input: | (7,30, 30, 120 |

[ scvation-

utput | 2, 30, 30, 1307 |

bateh

[opa_] 7, 30, 30, 1207 |
| owpus: | (7. 30, 30, 1200 |

T mpu ] - 50, 30, 1307 |

[Gupur | 2. 30, 30, 2407 |

Toput: | (2. 30 30, 2409 |

oupu | 2. 30,30, 2400 |

batch ization_5:

o [ 73050, 3307 |

[“outpue: | ¢2. 30, 30, 240y |

1

max_pooling2d_2: MaxPooling2D

(7,30, 30, 240)
(2,15, 15, 240)

outpur:

dropout_2: Dropout

(715, 15, 2400
(715, 15, 240)

[ e

(7. 15, 15, 2401
(7. Sa000)

(7. 54000y
(7. 240)

input | 2. 2400 |

[Spa 2. 230 |

l

input: | (7, 240)
dropowt_3: Dropout
output: | (7. 240)
nput: | (2. 240)
dense_1: Dense
ouput: | (7, 1)

input:

Figure 3.1.2a. Custom model architecture.
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The model was compiled with the “binary_crossentropy” loss function since it's a multi-class
model and the choice of optimizer was “Adam” because of its great performance on the task. The
custom model trained for 10 epochs of 100 epochs to reach a convergence discussed in the next

section.
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Figure 3.1.2b. Custom model training logs.

The model was evaluated using based on the quadratic weighted kappa, which measures the
agreement between two outcomes. This metric typically varies from 0 (random agreement) to 1
(complete agreement). In the event that there is less agreement than expected by chance, the metric
may go below 0.

The quadratic weighted kappa is calculated as follows. First, an N x N histogram matrix O is
constructed, such that 0i; Oijcorresponds to the number of isup_grade's i (actual) that received a
predicted value j. An N-by-N matrix of weights, w, is calculated based on the difference between
actual and predicted values:

(i—J)
(N - 1)?
An N-by-N histogram matrix of expected outcomes, E, is calculated assuming that there is no
correlation between values. This is calculated as the outer product between the actual histogram
vector of outcomes and the predicted histogram vector, normalized such that E and O have the same

sum.
Finally, from these three matrices, the quadratic weighted kappa is calculated as:
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where ww is the weighted matrix, 0O is the histogram matrix and EE being the expected matrix.
For each epoch during training and testing, the losses were recorded and plotted against number
of epochs to monitor how the model fits on the data.

3.2. Leveraging on transfer learning

One of the difficult parts of deep learning is the iterative part to finding the best architecture for
a use case. The custom model built in the previous section performed at a 70% average score on the
test data which is not good enough for medical decision-making system. The use of state-of-the-art
architectures such as those mention earlier really boosted the model performance to 85%. The
author fitted different transfer deep learning architectures on the preprocessed data by unfreezing
the deep layer since all the available trained architectures are not trained on similar data. The result
of the experiment is further discussed the the result and analysis section of this report.

3.3. Deployment of the system as a Software as a Service(SaaS)

The trained model is not useful except when deployed as decision support system to be
interacted with on new sample biopsies whereby pathologist can easily get the corresponding
Gleason score for the prostate cancer cell metastasis. This was achieved with the following:

3.3.1. Method of deployment

There are several methods to develop and deploy machine learning architectures of which some
are:

e  Train by batch, predict on the fly, serve via REST API: training and persisting are done offline
while prediction is done in real-time.

e  Train by batch, predict by batch, serve through a shared database: training and persisting are
done offline while predictions are done in a distributed queue which is almost similar to a real-
time prediction

e  Train, predict by streaming: both training and predicting are done on different but connected
streams.

e  Train by batch, predict on mobile (or other clients): similar to type 1 but the prediction is made
on customer gadget.

The choice of architecture for this project is the “Train by batch, predict on fly and serve via
REST API. This is further discussed in the result and analysis section of this report.

3.3.2. Mode of deployment

The author built a web interface to consume the model and data preprocessing pipeline API
endpoints where the pathologist can upload sample tissue biopsy image and get the corresponding
Gleason score immediately. This makes it easy and ready to use for many users at a time. The web
application is built using Streamlit. Streamlitis an open-source app framework that provides a
relatively easy way for data scientists and machine learning engineers to create beautiful, performant
apps in only a few hours! It combines three ideals around embracing Python scripting, weave in
interactions, and instant deployment. The web application is deployed and hosted on google cloud
service for remote accessing as described in the system architecture below:
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Figure 3.3.2. Deployment architecture.

4. Result and Analysis

The result of this project has been demystified into major sections that made up the experiment.
From data ingestions into the system to the final display of the model predictions with critical
consideration of the research objectives.

4.1. Result and analysis on data preprocessing approach

Generally, in machine learning, model performance is highly dependent on how data are
processed. These preprocessing on image data such as resizing, transforming, reducing and
increasing number of channels etc. were experimented with the aim to get the best out of the data.
The major data preprocessing steps that have significant effect on the model performance were tiles
creation and filter application.

4.1.1. Tiles creation vs Raw data

The custom model was trained on the raw data and also on tiles format. Result shows that the
model confidence level improved on the tiles version compared to that of the raw data. This is not
surprising because the model had focus more on the concentrated region of metastasis rather than
empty white spaces. This is further explained in the table below:

Table 4.1.1. model evaluation based on tiles and raw data.

Train accuracy

(%)

Test accuracy

(%)

Train loss (%)

Test loss (%)

Raw Data

70.1

73.4

20.1

19.5
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Tiles 72.2 75.8 17.3 18.2

From the table above, the tiles creation gave a better result than using the raw data which form
the basis of the preprocessing for the entire project.

4.1.2. Gaussian filter application

The application of specific filters such as the gaussian filter at preprocessing stage also have great
effect on the model performance. The filters help to reduce noise by blurring the image, increasing
edge detection, etc. One advantage a Gaussian filter has over a median filter is that it's faster because
multiplying and adding is probably faster than sorting. The table below shows the result of applying
different filters on the biopsy:

Table 4.1.2a. model evaluation based on filters.

Filters Train accuracy (%) Test accuracy (%)
Median 70.9 70.6
Hessian 70.8 68.2
Gaussian | 71.2 70.5
Laplace 69.8 69.7

The gaussian filter outperformed other filters with default parameters. In other to further see the
effect of the filter on the model, the gaussian filter sigma parameter which is the standard deviation
for Gaussian kernel was varied for 10 intervals. The standard deviations of the Gaussian filter are
given for each axis as a sequence, or as a single number, in which case it is equal for all axes. The
result is as shown in the table below:

Table 4.1.2b. model evaluation based on sigma values.

Sigma value Train accuracy (%) Test accuracy (%)
1 69.9 68.0
2 70.1 68.3
3 71.3 69.1
4 72.8 70.1
5 70.0 69.8
6 65.2 63.0




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 February 2024

doi:10.20944/preprints202402.1411.v1

28

7 64.8 62.9
8 63.0 62.1
9 61.1 58.9
10 58.2 58.1

4.2. Transfer learning result and analysis

While the custom model did perform well on the data, the use of transfer learning architectures
could not be exempted. We trained and compare some state-of-the-art architectures by unfreezing
the deep layers to obtain new weights. Most of these architectures performed better than the custom
model as they have more trainable parameters. The table below shows the result of this analysis in

details:
Table 4.2. result analysis of transfer learning.
Models Parameter Train Test Train loss Test loss
accuracy (%) accuracy (%) (%)
(%)
Xception 22,910,480 70.1 73.4 20.1 19.5
VGGI16 138,357,544 75.2 74.5 17.3 18.2
VGG19 143,667,240 79.8 75.9 12.8 13.2
ResNet101 44,707,176 78.2 77.2 16.3 16.9
MobileNet 4,253,864 74.6 70.1 17.2 19.4
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DenseNet121 8,062,504 74.4 73.5 17.4 18.3
EfficientNetB5 30,562,527 80.4 774 15.3 159
EfficientNetB7 66,658,687 85.2 84.8 10 11.2
accuracy analysis
é 0r3
0712 \/

epochs

Figure 4.2a. train and test accuracy analysis .

loss analysis

12000 | — train_data
test_data

10000

Figure 4.2b. train and test loss analysis.
From the analysis above, the EfficientNetB7 performed best on the data and as such, this model
is saved and deployed for utilization.

4.3. Web application deployment and usage result and analysis

The utilization of the built model as a decision support system is the major goal of this project.
The choice of deployment as discussed in the methodology of this report is further analyzed below:
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Pattern 1 Pattern 2 Pattern 3 Pattern 4
(REST API) (Shared DB) (Streaming) (Mobile App)
Training Batch Batch Streaming Streaming
Prediction On the fly Batch Streaming On the fly
Prediction result | Via REST API Through the Streaming via Via in-process AP
delivery shared DB Message Queue on mobile
Latency for So so High Very Low Low
prediction
System So so Easy Very Hard So so
Management
Difficulty

The adopted pattern 1 so that each biopsy can have corresponding Gleason score upon request
and to decouple the backend of the system from the frontend for easy optimization and upgrading
in the nearest future. Most similar software applications that tend to solve the same problem have a
common issue know as tightly coupled dependencies which makes this solution a better approach to
Gleason score prediction decision support system.

The user interface was built with user experience priorities. The result of the system is displayed
in human readable formats (Gleason confidence level and ISUP) with the use chats for easy
interpretation just as displayed below:

University of Lagos

Department of Systems
Engineering

Biopsy image preprocessed image

A decision suppport system on
Prostate Metathesis severity by using
Artificial Intelligence to automate st
Gleason score prediction S

GleasonScore Prediction Distribution

\

Gleasonscore Prediction

45
By

543 040> 3.03%

Bamigbade Opeyemi 35

Alima Sodiq
In-partial fulfilment for the
requirement of the award of B.sc

Supervised by: 33
Dr. Oluwatoyin Popoola B

a4

a3

344

GleasonScore Pattern Scale

a0 & B 100
Model Confidence Level(%)

This project serves as a decision support
system for pathologists and medical
institutes on scoring prostate
metathesis using artificial intelligence
to automate the gleason scoring process
for biopsies. The aim of this project is to
reduce the latency at getting the gleason
score for prostate metathesis due to low
pathologist to patient ratio, to cut back | 4 -
the chance of over-or under-diagnosis by g 2
providing pathologist-level second
opinions on the Gleason score when
diagnosing prostate biopsy, and to
support analysis on glandular carcinoma
treatment and prognosis by providing
consistent diagnosing fully based on the
standards of artificial intelligence

Figure 4.3. Decision support system.

ISUP Pattern Scale Prediction Distribution ISUP Prediction

~1900%

ISUP Pattern Scale

o 2 100
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Model Confidence Level(%)

Medical Report Proposition:

The cancer cells look like healthy cells and PSA levels are low. However, cancer in this early stage is usually slow growing.

5. Conclusion and Recommendation

The aim of this study was to evaluate the ability of deep learning architectures and models on
microscopic scan of tissues as a means of automating the grading of diagnostic prostate biopsy
specimens on Gleason scale through the predictive capability of artificial intelligence on which a
decision support system can be built on for the compensation of low pathologists to patients ratio in
the world. It has become evident that the use of state-of-the arts deep learning architectures are faster
at reaching a convergence in desired results than the use custom architectures. This is because of the
flexibilities at which this model architectures can be constructed and the experimentation time cost.
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Also, the preprocessing steps involved in the images can have great influence on the model
performance since the neural weights are learnt from the data. The use of some specific filters such
as the gaussian contribute greatly to model performance compared to original images.

It is suggested that the accuracy and comprehensiveness of this model be assessed in future
work. Subsequently, a better classification network should be trained using the more microscopic
images or magnetic resonance images and tested on vetted patient’s data to determine the viability
of using artificial intelligence and experts” views for Gleason score prediction

The use of machine learning has the capability to standardize the Gleason score prediction which
can serve as a decision support system in the medical industry.
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Appendix

def display_masks(slides):
f, ax = plt.subplots(5,3, figsize=(18,22))

for i, slide in enumerate(slides):

mask = openslide.OpenSlide(os.path.join(mask_dir, f'{slide}_mask.tiff"))
mask_data = mask.read_region((0,0), mask.level_count - 1, mask.level_dimensions[-1])

cmap = matplotlib.colors.ListedColormap(['black’, 'gray’, 'green’, 'yellow', 'orange’, 'red'])

ax[i//3, i%3].imshow(np.asarray(mask_data)[::,0], cmap=cmap, interpolation='nearest’, vmin=0,
vmax=5)
mask.close()

ax[i//3, i%3].axis('off")

image_id =slide

data_provider = train.loc[slide, 'data_provider']

isup_grade = train.loc[slide, 'isup_grade']

gleason_score = train.loc[slide, 'gleason_score']

ax[i//3, i%3].set_title(f'ID: {image_id}\nSource: {data_provider} ISUP: {isup_grade} Gleason:

{gleason_score}")

f.tight_layout()
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plt.show()

from keras.callbacks import Callback
class QWKEvaluation(Callback):
def __init__(self, validation_data=(), batch_size=BATCH_SIZE, interval=1):
super(Callback, self).__init_ ()

self.interval = interval
self.batch_size = batch_size
self.valid_generator, self.y_val = validation_data

self.history =[]

def on_epoch_end(self, epoch, logs={}):
if epoch % self.interval == 0:
y_pred = self. model.predict_generator(generator=self.valid_generator,
steps=np.ceil(float(len(self.y_val)) / float(self.batch_size)),
workers=1, use_multiprocessing=False,
verbose=1)
def flatten(y):

return np.argmax(y, axis=1).reshape(-1)

score = cohen_kappa_score(self.y_val,
flatten(y_pred),
labels=[0,1,2,3,4,5,6,7,8,9],
weights='quadratic’)
print("\n epoch: %d - QWK _score: %.6f \n" % (epoch+1, score))
self history.append(score)
if score >= max(self.history):
print('saving checkpoint: ', score)

self.model.save('classifier.h5")
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