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Abstract

This thesis explores the significance of early cancer detection for improving survival rates, particularly
focusing on pancreatic ductal adenocarcinoma cancer (PDAC). State-of-the-art techniques, including
Deep Learning (DL) algorithms, are presented for predicting the overall survival of PDAC patients.
The survival rates for PDAC patients at one, three, and five years are discussed, revealing the need for

more accurate predictive methods.

To enhance the understanding of cancer progression and aid pathologists in patient management,
various models are implemented for PDAC Computed Tomography (CT) image segmentation. These
models include U-Net and Light GBM (LGBM) and Intelligent Automated Pancreas Segmentation
using U-Net Model Variants. The segmentation accuracy achieved through masking and boundary

classes is described, offering valuable insights for improved patient diagnosis and treatment.

Furthermore, a hybrid classification model is proposed using VGGI16 as the backbone feature
extractor and Extreme Gradient Boosting (XGBoost) as the classifier. This model demonstrates

superior performance, achieving high accuracy and weighted F1 scores for the dataset under study.

The thesis also introduces Stacked Ensemble Deep Learning (SEDL), a pipeline for classifying
pancreas CT medical images. By combining multiple models, such as Inception V3, VGGI16,
ResNet34, and an XGBoost-based stacking ensemble, SEDL achieves an impressive 98.4% ensemble

accuracy.

The Cancer Imaging Archive (TCIA) public access dataset, consisting of 80 pancreas CT scans, is used
for training and testing the models. The study’s results are instrumental in diagnosing PDAC using the

TNM staging system, providing valuable insights into tumour, node, and metastases classification.

This thesis advances cancer research by employing cutting-edge techniques to enhance early detection,

improve survival rates, and provide accurate predictions for PDAC patients based on CT images.
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Chapter 1

General Introduction

1.1 Introduction

Pancreatic cancer is one of the world’s most dreadful cancers, ranked eighth in Europe in 2020 [1].
The poor prognosis is primarily due to a late diagnosis and limited treatment options. Surgical
resection is a potentially curative treatment, particularly for early-stage tumours. However,
early-stage tumours are usually asymptomatic and only become symptomatic when surrounding
tissues or distant organs are invaded. Furthermore, pancreatic cancer has multiple genomics
alterations associated with tumour progression and a complex tumour micro-environment [2],
promoting treatment resistance. It is critical to identify causative risk factors and develop effective
diagnostic tools for early cancer detection in the target population, to improve the prognosis of

diagnosed patients and reduce the disease burden of pancreatic cancer.

Artificial intelligence (Al) transforms medicine by detecting illnesses earlier, improving prognoses,
and providing more effective treatment plans [3]. Algorithms capable of reading pancreatic CT or
histopathology slides will manage work lists for doctors, provide decision support for clinicians
without speciality training, and power Al-powered telehealth services. Deep Learning, a type of
artificial intelligence in which neural networks learn patterns directly from raw data, has shown
remarkable success in image classification. Medical Al research has expanded in areas such as
radiology, pathology, and ophthalmology, which rely heavily on image interpretation [4]. Al tools
have progressed from testing to deployment, overcoming regulatory challenges and gaining

administrative approval.

The Centres for Medicare and Medicaid Services [5] have enabled the use of Al in clinical settings.

However, there still needs to be a significant gap between the number of deep learning algorithms that
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have been successful at medical image interpretation and the number of deep learning algorithms that

have been translated into clinical practice [6].

Deep Learning’s recent breakthrough has made tremendous progress in computer vision and medical
image processing, becoming a key artificial intelligence (Al) technique [7]. Deep Learning has
opened up new possibilities for intelligent healthcare systems, such as disease screening, cancer
diagnosis, prognosis prediction, and pathology. However, obstacles still need to be overcome to
achieve satisfactory results in a real-world scenario due to the shortcomings of current deep learning
algorithms, as medical images differ from natural images in various ways. Furthermore, prior
medical knowledge is required, as is the need to design and implement robust Al systems for medical

image analysis [8].

Medical imaging technologies such as Computed Tomography (CT), Magnetic Resonance Imaging
(MR), Positron Emission Tomography (PET), mammography, ultrasound, and X-ray have become
critical for disease detection, diagnosis, and treatment. Human experts have traditionally performed
medical image interpretation, but the process is often time-consuming and prone to human error. Deep
learning tools, enabled by artificial intelligence and machine learning, have significantly improved
accuracy and speed, allowing them to be used in clinical practice. However, it remains difficult due
to the need for labelled data and the wide anatomical variation among patients. This dissertation

examines various challenges and suggests new approaches to dealing with them [9].

The pancreas is an organ in the upper abdomen comprising two types of cells: endocrine glands and
exocrine glands. The pancreas produces digestive enzymes mixed with pancreatic juice and released
into the duodenum by the endocrine pancreas. It comprises small clusters of cells that produce and
release essential hormones into the bloodstream. Exocrine pancreatic neoplasms account for
approximately 95% of all malignant neoplasms originating in the ductal epithelium, acinar cells, or
connective tissues. The most common subtype is pancreatic ductal adenocarcinoma (PDAC) [10],
whereas neuroendocrine tumours are frequently benign. The remaining subtypes are colloid
carcinomas, Acinar cell carcinoma, solid-pseudopapillary neoplasm, pancreatoblastoma, and other

undifferentiated carcinomas [11].

Macroscopic cystic (IPL), mucinous cystic neoplasm (MCN), or microscopic precursor lesions can
all cause PDAC (pancreatic intraductal neoplasia, PanIN). Due to the accumulation of genetic and
epigenetic alterations, the normal ductal epithelium can progress to a series of precursor lesions and
invasive and metastatic carcinoma. Founder mutations found in parental clone cells are thought to
accumulate within PanIN and cause invasive cancer, whereas progressive mutations are only found in

a subset of metastatic deposits [12]. Pancreatic cancer’s genetic heterogeneity makes early detection

2
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and treatment difficult. However, molecular profiling-based classification can define sub-types with
distinct molecular characteristics, biological features, and clinical implications, providing a road map

for precision medicine [13].

1. 2 Motivation

The global prevalence of pancreatic cancer varies. In 2020, Europe, North America, and
Australia/New Zealand had the highest age-standardised incidence rate (ASIR) of pancreatic cancer,
while Africa and South-Central Asia had the lowest [14]. Pancreatic cancer is more common in men
than women, with a median age of diagnosis of around 70 years. The ASIR of pancreatic cancer
increased slightly over time, from 5.0 to 5.7 per 100,000 person-years between 1990 and 2017. The
disease burden of pancreatic cancer is projected to increase further in the next two decades due to
population growth and aging. Because of the poor prognosis, mortality rates closely parallel
incidence rates. Western Europe is expected to have the highest mortality rate in 2020. In both sexes,
the mortality rate rises, and nearly 90% of deaths occur after age 55. The cancer statistics are shown

in Figure: 1.1.

Number of new cases in 2020, both sexes, all ages Number of deaths in 2020, both sexes, all ages

e ———————— Lung 1706 144
i

Colorectur 935173

Non-Hortgkin hrogneoma
Brain,central nervous S

Corpus uter
Gallbladder

Olophanyn B o8 42
ophanymx
Hodoki beaphoma B 83087

Vogina | Fo0s } ! | !
0 500000 1000000 1500000 2000000 0 500000 1000 000 1500 000

Fig. 1.1: Cancer incidence and mortality statistics worldwide for both men and women.

Source: Globocan 2020

Pancreatic cancer was predicted to kill 155,000 people in Europe (27 European Union countries and
the United Kingdom) in 2039 [15]. Compared to other common cancers, pancreatic cancer has the
lowest five-year survival rate, which varies little between developed and developing countries.
Pancreatic cancer is one of the few cancers in the United States, with a five-year survival rate of 20%
or less, Figure: 1.2. Pancreatic cancer survival has improved little since the 1970s compared to most

common cancers.
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Incidence, both sexes Mortality, both sexes

Africa Africa

(3.4%) (3.6%)
LAC** LAC**
(7.5%) Asia (7.7%)
N.America*
(12.6%)

Asia
(47.1%) N.America* ‘ (48.1%)
(11.4%)

Europe Europe

(28.3%) (28.4%)
Population  Number Population  Number
] Asia 233701 [ | Asia 224 034
[ | Europe 140116 [ | Europe 132134
[ | *Northern America 62 643 [ | *Northern America 53 277
[ | *¥| atin America and the Caribbean 37 352 [ | *%| atin America and the Caribbean 36 030
] Africa 17 070 | Africa 16 549
Oceania 4891 Oceania 3979
Total 495773 Total 466 003

Fig. 1.2: Cancer incidence and mortality statistics worldwide and by region.

Source: The Global Cancer Observatory - All Rights Reserved, December 2020

The symptoms of pancreatic cancer are non-specific and largely dependent on tumour location and
stage. Because tumours in the head and tail can obstruct the common bile duct and/or the pancreatic
duct, they are more likely to be diagnosed earlier than those in the body and tail. Abdominal pain,
unexplained weight loss, nausea, vomiting, and new-onset diabetes are common presenting symptoms
[16]. The difficulty in imaging, lack of circulating biomarkers, inaccessibility of the pancreas to
biopsy, and difficulty in defining sufficiently high-risk populations impede early-stage detection of

pancreatic cancer.

1. 3 Problem Statement

The lack of good screening techniques to identify such cancers in their earliest stages is a major
challenge in treating pancreatic cancer. The pancreas is in an anatomically unfavourable position for
early diagnosis, towards the back of the abdomen. Pancreatic cancer has a low survival rate of 9% or
less when diagnosed at an advanced stage. Around 40% of patients’ tumours have progressed to the
point where they attach to or encompass local structures. Subdivided into borderline tumours, which,
while technically treatable, necessitate chemotherapy and radiation therapy before surgery to ensure

complete removal [17].

Locally advanced tumours, which surround critical blood vessels or infiltrate adjacent critical organs,
cannot be surgically removed in most cases. The remaining pancreatic cancers are already metastatic,
spreading to other body parts. Almost all long-term pancreatic cancer survivors are diagnosed when
their cancer is surgically removable or can be made so. In contrast, very few five-year survivors present

with Stage IV disease due to limited treatment options and inherent treatment resistance [18].

4
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When pancreatic adenocarcinoma is suspected, it has grown to the point where surgical removal is
difficult. Critical vascular and other structures complicate surgical excision. Alternatively, it has

spread to distant locations.

Furthermore, long before a doctor diagnoses pancreatic cancer, there is often the development of what
is known as "microscopic metastatic disease", which implies that cancer cells have already spread to
other parts of the body. Chemotherapy and radiation [19] are used before and after surgery to kill such
stealth tumour cells. Despite these treatments, most patients whose tumours are surgically removed

will die due to recurrence caused by these remaining tumour cells.

1. 4 Thesis Objectives

The main aim of the research is to improve and analyse the survival prediction of pancreatic cancer
cases through accurate semantic segmentation of the pancreas and Deep Learning techniques. The

survival analysis has three primary goals:
1. estimating and interpreting survival and hazard functions from survival data
2. comparing survival or hazard functions
3. assessing the relationship of explanatory variables to survival time

Survival analysis is a powerful tool for analysing time-to-event data, which is common in clinical
trials. Researchers hesitate to use it because they need more confidence in the theory underlying its

application and interpretation.

Survival prediction models are frequently used to answer questions such as "What is the probability
that this patient will be alive in 5 years, given their baseline co-variate information?" at some baseline
time, such as the time of diagnosis or treatment. Clinicians can then use this predicted probability
to make important patient care decisions, such as increasing monitoring frequency or implementing

specific therapies [20].
The specific research objectives of this thesis are:

1. To explore the significance of early cancer detection for improving survival rates, particularly

focusing on pancreatic ductal adenocarcinoma cancer (PDAC).

2. To model a Deep Learning-based framework for accurate prediction of the overall survival of

pancreatic ductal adenocarcinoma cancer patients.
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3. To enhance the understanding of cancer progression and aid pathologists in patient management

by implementing various PDAC Computed Tomography (CT) image segmentation models.

4. To model a hybrid framework for accurate pancreatic cancer classification using VGG16 as the

backbone feature extractor and Extreme Gradient Boosting (XGBoost) as the classifier.

5. To advance cancer research by employing cutting-edge techniques to enhance early detection,

improve survival rates, and provide accurate predictions for PDAC patients based on CT images.

1. 5 Thesis Contribution

Ensemble modelling is predicting an outcome using multiple diverse base models. The goal of using
ensemble models is to reduce prediction generalisation errors. When the ensemble approach is used,
the prediction error decreases as long as the base models are diverse and independent. In making a
prediction, the approach seeks the wisdom of the crowds. Even though the ensemble model contains
multiple base models, it acts and performs as a single model. Ensemble learning is a broad machine
learning meta-approach that combines predictions from multiple models to improve predictive

performance [21].

Ensemble learning techniques have been shown to improve machine learning performance. These
methods can be applied to both regression and classification problems. The final prediction is
obtained by combining the results of several base models. Some methods for combining the results
are averaging, voting, and stacking [22]. Ensemble learning uses multiple machine learning models
to solve a single problem. These models are referred to as "poor learners". The assumption is that if
several weak learners are combined, they can become strong learners. Each weak learner is fitted to
the training set and provides the results of the predictions. The final prediction result is calculated by

aggregating the results of all the weak learners.

Ensemble models solve the technical challenges of developing a single estimator [23]. The following

are the technical challenges associated with developing a single estimator:
1. High variance: The model is extremely sensitive to the inputs used to learn the features.

2. Low accuracy: Using a single model (or algorithm) to fit all of the training data may not provide

you with the nuance you require for your project.
3. Noise and bias in features: The model makes a prediction based on far too few features.

A single algorithm may not produce the best prediction for a given data set. Machine learning

algorithms have limitations, and producing a high-accuracy model is difficult [24]. We can improve

6



1. 5. THESIS CONTRIBUTION

overall accuracy by creating and combining multiple models.

The combination of models is then put into action by aggregating the output of each model with two

goals in mind:
1. Minimising model error;
2. Keeping the model’s generalisation intact;
3. Improve predictions - Rather than using a single model, it will achieve better predictive skills.
4. Improve robustness - rather than using a single model, it will achieve more stable predictions.

When employing ensemble techniques, the overall goal should be to reduce prediction generalisation
error. As a result, using a diverse set of base models will reduce the prediction error automatically

[25].
Contributions made include:

1. Enhanced early PDAC detection: Presents state-of-the-art techniques for predicting the overall
survival of PDAC patients using deep learning (DL) algorithms. This could lead to earlier

diagnosis and treatment, improving patient outcomes.

2. Improved interpretability: Use of Light Gradient-boosting Machine (LGBM) with cropping to
segment PDAC images. This makes the model more interpretable, which can help radiologists

understand how it makes its predictions.

3. Use of UNet, a fully convolutional neural network based on ResNet34, as an encoder and
turning point for boundary class separation using Watershed, in PDAC image segmentation for

biomedical applications.

4. Model Analyser (MA) and Intelligent Automation: The Model Analyser (MA) and the
Intelligent Automation Model in the Inference Engine assist in choosing the best model and
evaluating the selected models. By leveraging these tools, we can efficiently analyze the
performance of each model based on the defined factors, facilitating the decision-making

process.

5. Hybrid model for PDAC diagnosis: Proposes a novel approach for PDAC diagnosis, combining

the VGG16 deep learning architecture with the XGBoost classifier.

6. SEDL an ensemble learning pipeline for pancreas CT image classification: Proposed a novel
ensemble learning pipeline for pancreas CT image classification, which combines the Inception

V3, VGG16, and ResNet34 deep learning architectures with the XGBoost classifier.

7



1. 6. THESIS OUTLINE

1. 6 Thesis Outline

The remainder of this thesis is organised as follows: Chapter 2 presents the anatomy of the pancreas,
causes, screening, and treatment of PDAC. We also looked at ensemble methods that can be
implemented in medical imaging. Chapter 3 examines the literature review presented in the
state-of-the-art pancreatic cancer survival prediction paper. Chapter 4 investigates the benefits of
applying UNet and Watershed combined and investigates Intelligent Automated (IA) pancreas
segmentation using U-Net model variants. Chapter 5 looks at implementing VGG16 as a feature
extractor for XGBoost, a classifier for pancreatic cancer prediction, and a stacked ensemble DL for
improved pancreatic cancer classification using XGBoost. The results discussion in Chapter 6, which
reviews some of the technologies in use, concludes this study and proposes possible areas for

extending this work.

1.7 Conclusion

Pancreatic cancer is a devastating disease with a poor prognosis. Early diagnosis and treatment are
key to improving survival rates, but early detection is often challenging due to the lack of symptoms
in early-stage disease. Artificial intelligence (AI) can potentially revolutionise the early detection and
treatment of pancreatic cancer. Al algorithms can be trained to identify pancreatic cancer on imaging
scans and tissue samples with high accuracy, even in early-stage disease. This could lead to earlier
diagnosis and treatment, improving survival rates. In addition to early detection, Al can also be used to
improve the treatment of pancreatic cancer. Al algorithms can personalise treatment plans based on a
patient’s tumour genetics and characteristics. This could lead to more effective and targeted treatment,

improving survival rates.

Deep learning (DL), a type of Al, has shown remarkable success in image classification, which is
particularly relevant in medical fields such as radiology, pathology, and ophthalmology. The use of
DL in pancreatic cancer is still in its early stages, but the potential benefits are significant. DL can
potentially revolutionise the early detection and treatment of pancreatic cancer, improving patient

survival rates.



Chapter 2

Anatomy of the Pancreas

2.1 Introduction

After the stomach, the pancreas is located in the upper abdomen. Across the back of the stomach,
behind the stomach, is where the pancreas is found [26]. It is an extended, tapered organ. In addition
to producing and secreting hormones into the blood to regulate energy consumption and storage
throughout the body, the pancreas is an endocrine organ that produces and secretes digestive enzymes
into the intestine as part of the digestive system. Because it plays both exocrine and endocrine roles,

the pancreas is a special organ [27].

2. 1.1 Exocrine pancreas

A part of the small intestine that produces and secretes digestive enzymes contains connective tissue,
blood vessels, and nerves that are present together with the acinar and duct cells. Proteins, lipids,
and carbs can all be broken down by the exocrine gland in the pancreas’s secretions of enzymes.
In an inactive state, these enzymes pass from the pancreatic duct into the bile duct. They become
operational when they enter the duodenum. Moreover, bicarbonate is secreted by the exocrine tissue.
Inside the duodenum, it balances stomach acid. A system of ducts connecting to the main pancreatic
duct receives these enzymes as secretions. The entire pancreas is covered by it. About all of the

pancreatic mass comprises exocrine components [28].

2. 1.2 Endocrine pancreas

The islets of Langerhans generate and secrete the hormones insulin, glucagon, somatostatin, and

pancreatic polypeptide, which control the metabolism of glucose, lipids, and proteins in the blood
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[29]. The other hormones’ levels are managed in part by somatostatin. Of the total pancreatic mass,

islets make up 1-2%.

2.2 Anatomical Structure

The pancreas is typically divided into five parts [30]:

The head of the pancreas is the broadest portion on its right side. It is surrounded by connective

tissue and situated within the duodenum’s C-shaped curve.

The uncinate process is a medially extended protrusion that emerges from the lower half of the
head and lies beneath the pancreatic body. The superior mesenteric vessels it is located behind

them.

The neck of the pancreas is situated between its head and body. It covers the superior mesenteric

vessels, visible in a groove on its backside.

Body - The tapered left side of the body crosses the midline, lying below the stomach and to the

left of the superior mesenteric arteries, and it is somewhat angled upward in the centre

The left pancreatic tail, located close to the spleen’s hilum, is called the tail. Along with the
splenic vessels, it is housed in the splenorenal ligament. The whole pancreas is not

intraperitoneal except for this one portion.

Round
ligament Falcitorm Left lobe
N ot I

ligament %
Hepatic duct
Diaphragm .

Right lobe
of liver

Gallbladder

Cystic duct —4 = ot . 4
~ = > 4
Common bile duct —§ /s - - g
\ d SN Pancreatic Histology
\ 7 £ Rd Py Acinar cells
~ \ Tail -
 Pancreas / \ »
Duodenal papilla * Pancreaic duct T Intercalated
(ampulla of Vater) (duct of Wirsung) . duct
Duodenum |
~
~ Iy Pancreatic

} islet (of
| Langerhans)

Fig. 2.1: Pancreas location and histology

The pancreatic arteries, which originate from the superior mesenteric, gastroduodenal, and splenic

arteries, supply the pancreas’ body and tail. Blood that has lost its oxygen is removed from the

pancreas through pancreatic veins [31]. Unlike the posterior variant, which empties into the hepatic

portal vein, the anterior superior pancreaticoduodenal vein drains into the superior mesenteric vein.

The major contributor is the splenic artery. The pancreatic veins drain venous blood from the body,
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and the tail discharges into the splenic vein. In contrast, the anterior and posterior inferior

pancreaticoduodenal veins drain into the superior mesenteric vein.

2.3 Duct System

A lobulated, serous gland that creates precursors to digesting enzymes, the exocrine pancreas is so
named. It comprises a million acini, or short intercalated ducts, connecting about one million ’berry-
like’ cell clusters. The intercalated ducts join with those draining neighbouring lobules to form a
network of intralobular collecting ducts, which ultimately drain into the main pancreatic duct [32].
The hepatopancreatic ampulla of Vater comprises the common bile duct and pancreatic duct, which
are connected along the length of the pancreas. After that, the main duodenal papilla on this structure
allows access to the duodenum. The sphincter of Oddi, a muscle valve, regulates the flow of secretions

into the duodenum. Acting as a valve, it encircles the ampulla of Vater.

2. 4 Pancreatic ductal adenocarcinoma (PDAC)

The pancreas is prone to malignant and non-cancerous tumours, among other growths. The cells
that line the ducts that remove digestive enzymes from the pancreas are the first to become the most
prevalent type of pancreatic cancer (pancreatic ductal adenocarcinoma) [33]. Exocrine tumours make
up the majority of pancreatic malignancies. These tumours manifest themselves in the ducts and

glands that manufacture and transport the digestive enzymes from the pancreas to the intestines.

Adenocarcinoma represents the classification for approximately 95% of exocrine pancreatic tumours.
PDAC is the name given to most of these malignancies, which form in the linings of ducts.
Aggressiveness is a PDAC trait. The neurological system, blood vessels, liver, and gastrointestinal

tract are frequently affected [34].

The exocrine region of the pancreas hosts around 95% of malignant pancreatic neoplasms, with the
most prevalent sub-type (90%) beginning in the ductal epithelium, acinar cells, or connective tissues.
Neuroendocrine tumours, mostly benign (5%), are the second most frequent neoplasms. The
remaining subtypes are pancreatoblastoma, colloid carcinomas, acinar cell carcinomas, solid

pseudopapillary neoplasms, and various undifferentiated carcinomas [35].

PDAC is a condition that may arise from microscopic or macrocytic (IPN) antecedent lesions
(MCN). The accumulation of genetic and epigenetic changes in normal ductal epithelium can lead to
a sequence of precursor lesions, invasive carcinoma, and metastatic carcinoma. Mutations in parental

clone cells, such as KRAS, pl6/CDKN2A, TP53, and SMADA4, are thought to build up inside PanIN

11



2. 4. PANCREATIC DUCTAL ADENOCARCINOMA (PDAC)

and result in invasive cancer. Due to genomic abnormalities in tumour tissues and features of the
stromal milieu, the genetic variability of pancreatic cancer presents difficulties for early detection and
efficient treatment [36]. Precision medicine can be mapped out using molecular profiling-based
classification, which can be used to establish sub-types with unique molecular traits, biological traits,

and clinical implications.

A

Gallbladder

Mucinous cystic necplasm

Cysiic neuroendocring wmor

Side branch intraductal papillary
mucinous neopiasm

Fig. 2.2: Pancreas location: A - pancreas tumour and B - different tumour locations.

2.4.1 Symptoms

Depending on the location and stage of the tumour, pancreatic cancer symptoms might vary widely.
Due to their potential to clog the common bile duct or pancreatic duct and create obvious symptoms
such as jaundice and obstructive cholestasis, tumours in the head (60%—70%) are more likely to be

discovered earlier than those in the body and tail (20%-25%).

Often, pancreatic cancer does not show any early warning signs and symptoms until it has spread to

more serious stages [37]. They may include:
* Abdominal pain that radiates to the back
* Appetite loss or unintentional weight loss
* Jaundice, which is a yellowing of the skin and whites of the eyes
* Light-coloured faeces
* Dark-coloured urine

* Itchy skin

12
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¢ Blood clots
* Fatigue

* A new diabetes diagnosis or diabetes that is already present but becomes harder to control

2.4.1.1 Complications
As pancreatic cancer progresses, it can cause complications [38] such as:

1. Losing weight: Several things could contribute to weight loss when a person has pancreatic
cancer. Since the malignancy uses up the body’s energy, weight loss may occur. Eating may be
challenging if experiencing nausea and vomiting due to cancer therapies or a tumour pressing
on the stomach. Alternatively, if the pancreas is not producing enough digestive juices, the body

may have trouble breaking down the nutrients from food.

2. Jaundice: Jaundice can result from pancreatic cancer that restricts the liver’s bile duct. The
yellow complexion, eyes, dark urine, and light faeces are warning signs. Abdominal pain rarely

coexists with jaundice.

3. Pain: The abdomen’s nerves may become compressed when a tumour grows, resulting in
potentially life-threatening agony. Radiation and chemotherapy treatments may reduce

discomfort and inhibit the growth of the tumour.

4. Obstruction of the bowels: The movement of digested food from the stomach into the
intestines can be obstructed by pancreatic cancer that invades or presses on the duodenum, the

first segment of the small intestine.

2.4.2 Risk Factors

Understanding the causes of pancreatic cancer, preventing it, and creating affordable early diagnostic
techniques for high-risk people depend on identifying risk factors. Age, male sex, family history of
pancreatic cancer, smoking, chronic pancreatitis, diabetes, and obesity are a few well-established risk
factors. Even though the aetiology of pancreatic cancer has been thoroughly researched, its causes

remain poorly understood [39].

Cases of pancreatic cancer are infrequent and often run in families [40]. Hereditary cancer or chronic
inflammatory disorders account for about 3% of all cases. A susceptibility to develop pancreatic
cancer that can be inherited by having three or more relatives of any degree or at least two first-degree

relatives with the disease is present in 7% of cases.
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The most well-known risk factor for pancreatic cancer is tobacco use [41], and the likelihood of
developing the disease rises with higher smoking frequency, duration, and cumulative dosage. Both
somatic mutations (such as those in KRAS and TP53) and systemic inflammation are brought on by

tobacco-related carcinogens, such as nitrosamines and polycyclic aromatic hydrocarbons.

Chronic pancreatitis is a chronic pancreatic inflammatory condition resulting in fibrosis, the loss of
islet and acinar cells, DNA damage, and the emergence of PanINs [42]. Chronic pancreatitis, which
has an incidence of four to fourteen per 100,000 person-years, is primarily brought on by heavy
alcohol usage. Diabetes is a risk factor for pancreatic cancer and a side effect of the disease,
according to studies that have established a substantial correlation between chronic pancreatitis and
pancreatic cancer. A high body mass index and a large waist-to-hip ratio are associated with an

increased risk of PANIC cancer in those who are obese.

2. 4.3 Diagnosis and Screening

Pancreatic cancer is symptomless up to an advanced stage, making treating and prolonging lives
possible. Today, a diagnosis involves a comprehensive physical examination, imaging, lab tests, and
experimental procedures. Starting with a primary care physician, pancreatic cancer is diagnosed. The
procedures’ foundation will be a physical examination and considering health and family history. A
bloated abdomen or jaundice are two symptoms they will look for as possible indicators of pancreatic

cancer [43].

They could advise blood and urine testing to assess general health and seek out cancer-related
symptoms. If cancer is present, the doctor can recommend imaging tests from a specialist. Pancreatic

cancer can be identified using a variety of imaging tests [44]. They include:
1. Computed Tomography (CT) scans
2. Magnetic Resonance Imaging (MRI).
3. Positron Emission Tomography (PET) scans use positron emission tomography.
4. Abdominal X-rays
5. Laparoscopy, in which a camera is introduced through a cut in the abdomen
6. Endoscopic Ultrasound

7. Endoscopic Retrograde Cholangiopancreatography
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IMAGE EXPLANATION

Nuclear medicine: covers both diagnostic
imaging and treatment of disease, and may
also be referred to as molecular medicine
or molecular imaging & therapeutics.
Muclear medicine uses certain properties of
isctopes and the energetic particles
emitted from radioactive material to
diagnose or treat various pathology

Ultrasound: uses sound waves rather than
ionizing radiation. High-frequency sound
waves are transmitted from the probe to the
body wa the conducting gel, those waves
then bounce back when they hit the
different structures within the body and that
is used to create an image for diagnosis

X-ray imaging: {the most fequently used
imaging type. X-rays are a form of
electromagnetic radiation. Works on a
wavelength and frequency that we're
unable to see with the naked, human eye,
but can penetrate through the skin to
create a picture of what's going on beneath.
X-rays can be used to detect

cancer through mammography and
digestive issues through barium swallows
and enemas

Computer tomography (CT) scans: are a
form of Xray that creates a 3D picture

for diagnosis and uses X-rays to produce
cross-sectional images ofthe body. The
CT scanner has a large circular opening.
the patient to lie on a motorised table.

The Xray source and a detector then rotate
around the patient producing a narrow
beam of X-rays that passes through a
section of the patient's body to create a
snapshaot which are ordered into one, or
multiple images of the internal organs and
issues. CT scans provide greater lucidity of
the internal organs within the body

Magnetic Resonance Imaging (MRI):
uses a strong magnetic fields and radio
waves to generate images ofthe body
Commonly used to examine internal body
structures to diagnose strokes, tumours,
spinal cord injuries, aneurysms and

brain function. An MRI scanner uses a
strong magnetic field to ordinate hydrogen
nucleus {proton) from water molecule in the
body, and a radio frequency is

then utilized

Fig. 2.3: Different modalities used in medical imaging. Image sources: [45]-[49] respectively.
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2.4.4 Treatment

At its earliest stages, when it is most treatable, pancreatic cancer is rarely found since it frequently
does not manifest symptoms after progressing to other organs. Options for treating pancreatic cancer
are based on age, overall health, and how far PDAC has advanced. Radiation therapy, chemotherapy,

surgery, or a combination of these options [50].

Surgery is the best action when cancer is limited to the pancreas or has not migrated too far outside.
Chemotherapy is typically administered next. The percentage of PDAC patients who qualify for

surgery is only 15% to 20%.

Prevention is better than cure. Pancreatic cancer risks may be reduced by: Quit using tobacco. Make
an effort to quit smoking. Discuss stopping methods with a doctor, like support groups, medications,

and nicotine replacement therapy [51].

1. Keep weight in check. Maintain weight if it is at a healthy level. Aim for a 1-2 pound (0.5-1
kilogram) weekly weight loss if you need to lose weight. For optimum weight loss, combine
regular exercise with a diet high in fruits, vegetables, and whole grains, all of which should be

consumed in smaller portions.

2. Make a point of eating well. A diet rich in whole grains, colourful produce, and

cancer-preventing foods may lower the risk of developing the disease.

2.5 Conclusion

Although PDAC often has a relatively bad prognosis compared to other tumours, experts are still
trying to determine the best course of action. Over time, survival rates have sluggishly increased. Just
10% of people survive at least five years after their diagnosis. Early detection and surgical removal of
PDAC provide the best prognosis. Nevertheless, only 2% of malignancies (Trusted Source) are found
to be at stages 0 or 1. According to research, those undergoing surgery for stage 1 PDAC had a 5-year

survival rate of 38.2% as opposed to 2.9% for those who did not.

Nearly 50% of PDAC patients die within 10 to 12 months of diagnosis. If cancer has spread to distant
body parts, less than 20% of patients survive for a year. According to a trusted source, the head of the
pancreas is the location of PDAC in 60% to 70% instances. They often have a better prognosis than

tumours in the body or tail and are typically discovered early.
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Chapter 3

Literature Review

3.1 Introduction

In recent years, medical research and healthcare have witnessed a remarkable surge in the application
of advanced technologies and data-driven methodologies to enhance the accuracy of disease
prognosis and patient outcomes. Predicting pancreatic cancer survival is a particularly challenging
yet pivotal endeavour among the many critical focus areas. Pancreatic cancer, characterised by its
aggressive nature and often late-stage diagnosis, presents a formidable challenge to patients and
healthcare practitioners. In this context, this comprehensive survey titled "Pancreatic Cancer Survival
Prediction: A Survey of the State-of-the-Art" delves into the cutting-edge advancements,
methodologies, and approaches developed to predict survival rates in individuals afflicted by
pancreatic cancer. By exploring the latest innovations in medical imaging, machine learning,
biomarker analysis, and other interdisciplinary fields, this survey aims to provide a holistic overview
of the current landscape, shedding light on the strides made and the challenges that lie ahead in the

pursuit of improving prognostic accuracy and, ultimately, patient outcomes in pancreatic cancer.

3.2 Pancreatic Cancer Survival Prediction: A Survey of the State-of-

the-Art

This chapter analyses the state-of-the-art techniques used in pancreatic cancer survival prediction. The
research examines statistical and deep learning (DL) machine learning strategies used in pancreatic
cancer patients’ overall survival prediction. Genomic and proteomic information, clinical variables,

and pathological images are among the features employed for prediction. It is also discussed how
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important it is to spot potential flaws in experimental design, data collection from reliable sources,
and analysis and validation outcomes because they impact the prognosis of clinical judgements. A
model that might aid in calculating the individualised survival prognosis and offer particular treatment

options is required.
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Cancer early detection increases the chances of survival. Some cancer types, like pancreatic cancer, are challenging to diagnose or
detect early, and the stages have a fast progression rate. This paper presents the state-of-the-art techniques used in cancer survival
prediction, suggesting how these techniques can be implemented in predicting the overall survival of pancreatic ductal
adenocarcinoma cancer (pdac) patients. Because of bewildering and high volumes of data, the recent studies highlight the
importance of machine learning (ML) algorithms like support vector machines and convolutional neural networks. Studies
predict pancreatic ductal adenocarcinoma cancer (pdac) survival is within the limits of 41.7% at one year, 8.7% at three years,
and 1.9% at five years. There is no significant correlation found between the disease stages and the overall survival rate. The
implementation of ML algorithms can improve our understanding of cancer progression. ML methods need an appropriate
level of validation to be considered in everyday clinical practice. The objective of these techniques is to perform classification,
prediction, and estimation. Accurate predictions give pathologists information on the patient’s state, surgical treatment to be

done, optimal use of resources, individualized therapy, drugs to prescribe, and better patient management.

1. Introduction

Radiologists detect pdac tumours by symptoms of the disease
and patient history but not image processing. This paper stud-
ies some ML techniques used in image processing to predict
pdac overall survival. The anatomy of the pancreas is shown
in Figure 1.

Cancer on the pancreas is a challenge because it is diffi-
cult to detect. As there are no clear signs in the early stages, it
metastasises rapidly, having a poor forecast of the future
course of the disease. The early stages of the diseases show
no symptoms. In the later stage, the patient will have a lack
of appetite and weight loss.

Medical experts recommend knowing the tumour type as
each has a different treatment and behaves in different ways.
Researchers estimated that 94% of exocrine tumour patients
suffer from pdac type [3]. Figure 2 shows a pdac [4]. Tumour
size has a significant influence on overall survival rates. A
larger tumour is difficult to treat through resection.

Accurate predictions are crucial as they give pathologists
information on state of the patient, surgical treatment to be
done, optimal use of resources, provision of individualized
treatment, drugs to prescribe, and better management of
the patient. Features used for prediction include genomics
and proteomic data, clinical factors, and pathological
images. The need to identify possible weaknesses including
experimental design, data collection from valid sources,
and the analysis and result validation is a vital step as it
affects the prediction of clinical decisions [5, 6].

ML techniques classify pdac patients and learn to predict
the best survival period for each patient. Classify pdac stages
into low, medium, or high-risk groups. ML techniques have
been used to model the progression and treatment of pdac
conditions. ML tools are powerful in identifying features
from large datasets, which makes them of great use [7].

Big data with the increased patient will stress doctors,
making them more error-prone when making critical deci-
sions concerning human life. Machines can manage these
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FIGURE 1: Pancreas [1]. Pancreatic cancer tumours are of two types [2], exocrine and endocrine tumours. The position of origination
determines this. The pdac originates from the lining of the ducts in the pancreas.

FIGURE 2: Pancreatic cancer tumour [4].

large sets of imaging data with a lower error rate, attested by
the unfitness of medical personnel to colligate and see the
big picture from imaging data. Machines can help them by
assessing large numbers of image datasets and determine
whether there are any patterns suspicious to be cancerous.
Machines also can assist by superseding doctors or specialist
at times of their absence and provide the diagnosis in even
critical cases [8].

Predictive technique models such as ML (statistical
multivariate regression and deep learning (DL)) can be used
for pdac survival rate prognosis. The techniques have to be
reinforced for best predictive performance. Figure 3 shows
the steps to follow during the prediction process. This paper
will compare imaging techniques used in the medical world,
including magnetic resolution imaging (MRI) and computed
tomography (CT). These imaging techniques produce
images that need to be segmented into pixel classes. In a

review of segmentation methods, including those used in
deep learning, the current technology is mostly used in over-
all survival prediction for pancreatic cancer patients. The
feature extraction techniques are then looked at, leading to
classification after the necessary features to be extracted.
Deep learning techniques implemented in feature extraction
and classification are then summarised.

2. Medical Imaging Techniques

Medical imaging is a technique and process used to look at the
human body, diagnose, monitor, or treat medical statuses,
including a visual representation of the functions done by
some organs or tissues. Imaging techniques help screen for
hidden features before visible symptoms, diagnose the condi-
tions that would have developed into the now visible symp-
toms, and manage the disease stages or reaction to possible
treatment. This help to predict the overall survival of pdac
patients. Common imaging techniques are computed tomog-
raphy (CT) scan and magnetic resonance imaging (MRI).
Blood and other laboratory tests usually determine the
existence of pdac. In imaging the pancreas (Figure 4), com-
puted tomography (CT) and magnetic resonance imaging
(MRI) were used to help determine if the condition exists. If
detected, then determine the stages and reaction to treatment,
making it possible to predict the patient’s overall survival rate.

3. Segmentation

Segmentation is an image processing proficiency for bisect-
ing an image into multiple regions. The process of segmen-
tation well define semantic entity boundaries in an image,
as shown in Figure 5. Pixel in the image is allocated labels
to match affiliation according to their semantic properties.
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FIGURE 3: Prediction model process—started by identifying the
problem and collecting related data, cleaning, and processing. The
output data is passed as input through DL techniques, and a
prediction is made.

Segmentation can be defined as a map of the greyscale
into the binary set {0, 1}.

0if ) T(x,y),
smn={ g(x%y) <T(xy) W

Lif g(x,y) =2 T(x, y).

Images are segmented using a graph cut with some cost,
formed from image pixels. Image pixels of similarity and
nearby are put in the same zone [13, 14]. Graph cut T cost
(where T is a set of edges) is the sum of the edge weights
of the cuts.

Xcut = Z > (2)
(bj€T)Z;

where Z,; represent edge weight i, j from node i to node j
in the graph and cut and T represents all the edges’ sum. In
graph cut segmentation, a graph image section is zoned such
that the cut cost X, is reduced.

Segmentation of an image M, is a pair (0Q; M), where
M is some approximation of M,, where M, is defined in Q
. The energy associated with a segmentation (0Q;M) is
the sum of three terms:

o Q 2 : Q 2
Z(00, M) = « int (E |[VM|“dx + Blength(0Q) + int (E (M - M,)*dx).

(3)

If M is imposed to be constant within each region,
(0 2
Z(0Q, M) = alength(00Q) + int 30 (M-M,)"dx ). (4)

Gradient operator and Laplacian operator are defined as
follows:

(1) Gradient Operators. The gradient of an image, f
(x3y), at alocation (x; y) is defined as the vector.

ot
9 ox

W%ﬂ=(%>= o | (5)
ay

(2) Laplacian Operator. The Laplacian of an image f
(x:y) is defined as follows:

vy = LEAL TN

Medical images from CT and MRI modalities require
segmentation to fix various abnormalities like tumours and
cancerous elements. Most methods that use feature-based
approaches currently rely on the attributes of features
extracted by a human specialist. This poses some challenges
as humans are prone to making errors and miss potential
features for the segmentation of the image. DL addresses the
issue by providing automated feature learning techniques.
The mostly used technique in computer vision is convolu-
tional networks [15, 16]. The other used algorithms in com-
puter vision include generative adversarial networks (GNAs),
and variational autoencoders (VAEs) are used to solve
challenges like the generation of images. The scale-invariant
feature transformation (SIFT) is another object detection algo-
rithm used for tumour detection within images regardless of
the image rotation, orientation, or scale [17].

Texture features can be used according to [18] and
implemented with other methods like the Bacterial Foraging
Algorithm (BFA) used for classification. Studies have shown
that CAD system, Haar wavelet transform, and clustering
methods can be implemented for accurate diagnosis and
processing of pdac images obtained from MRI and CT
modalities, as shown in Table 1.

Different images call for different segmentation techniques
as they have distinct feature and properties as envisioned in
terms of colour (greyscale images, binary images, and colour
images) and texture (texture images and nontextured images)
[23]. Table 2 shows the advantages and disadvantages of some
different segmentation techniques used.
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Computer tomography (CT) scans: are a
form of X-ray that creates a 3D picture

for diagnosis and uses X-rays to produce
cross-sectional images of the body. The

CT scanner has a large circular opening,
the patient lie on a motorised table.

The X-ray source and a detector then rotate
around the patient producing a narrow
beam of X-rays that passess through a
section of the patient’s body to create a
snapshot which are ordered into one, or
multiple images of the internal organs and
issues. CT scans provide greater lucidity of
the internal organs within the body

Magnetic resonance image (MRI):

uses a stong magnetic fields and radio
waves to generate images of the body
commonly used to examine internal body
structures to diagnose stokes, turmours,
spinal cord injuries, aneurysms and

brain function. An MRI scanner uses a
stong magnetic field to ordinate hydrogen
nucleus (proton) from water molecule in the
body, and a radio frequency is

then utilized
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FIGURE 5: Image bisection [13, 14].

4. Segmentation Using Deep
Learning Techniques

Segmentation techniques continue to be developed and
improved to solve challenges differently. The evolution of
convolutional neural networks has seen most techniques
developed, as shown in Tables 3 and 4. Based on architecture
or framework, these techniques are grouped into an instance
or semantic segmentation [30].

In the semantic segmentation process, a label is assigned
to every pixel in the image, which is different from classifica-
tion, assigning a single label to the entire picture. Semantic
segmentation treats multiple objects of the same class as a

single entity and involves detecting objects within an image
and grouping them based on defined categories.

In the instance segmentation process, multiple objects of
the same class are treated as distinct individual objects or
instances. It involves detecting objects within defined catego-
ries, and it is more complicated than semantic segmentation.

4.1. GoogLeNet [31]. CNN layers are stacked as networks in
networks, based on the concept of [32]. GoogLeNet is built
from many inception modules of various filter sizes applied
to the input and the concatenated outputs. These inception
modules and filters are contained within the stem, a standard
architecture that simultaneously provides the extraction of
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TaBLE 1: pdac tumour segmentation algorithms in medical imaging.

Medical .
Study modality Proposed segmentation method Results
Tam et al. [19] CT Region growing algorithm Efficient: Jaccard index of 73.37-86.97
Balakrishna et al. [20] CT MATLAB Detecting edges, corners, and points differentiating images
Sindhu et al. [18] MRI Texture extraction with BFA Texture feature extraction with BFA has an accuracy of 89%.
Cascaded superpixel Superpixels preserve more boundaries. Dice coefficient of 70.7%
Farag et al. [21] cT segmentation and Jaccard index of 57.9%
Reddy et al. [22] MRI and K-means clustering and Haar Based on threshold value with a mean threshold of 8.88
CT wavelet transform

TaBLE 2: Advantages and disadvantages of different segmentation techniques.

Segmentation technique Advantage

Disadvantage

(i) High speed of operation

(ii) Efficient for object and background with

high contrast

Region-based [16, 23, 24] (iii) Easier to classify and implement

(iv) Best when easy to define region similarities
(v) Less sensitive to noise compared to

edge detection

(i) Poor segments if there is low greyscale

(ii) Are by nature sequential and quite expensive both in
computational time and memory

(iii) Region growing has inherent dependence on the
selection of seed region and the order in which pixels
and regions are examined

(i) The single fuzzy rule applied to stress the
importance attached to feature-based and spatial

Fuzzy theory-based [25-27] information in the image

(ii) Structure of the membership functions and
associated parameters automatically derived

(i) Sensitive to noise

(ii) Computationally expensive

(iii) The determination of fuzzy membership is not
very easy

(i) Simple programming

Artificial network-based [15] (ii) Make use of neural net parallelism

(i) Long training time
(ii) Initialization could influence the outcome

(i) Low noise sensitivity
(ii) Lack of redundancy of data
(iii) Increased efficiency
(iv) Reduced overfitting

Generalized PCA (principle
component analysis) [28, 29]

(i) Independent variables become less interpretable
(ii) Data standardization is a must before PCA
(iii) Information loss

image features at varying levels of detail. GoogLeNet does not
use fully connected layers, instead uses global average pooling,
thus lessening model parameters required.

4.2. ResNet [31]. Train much deeper networks making use of
skip connections. The authors trained a 152-layer deep
ResNet, and they also successfully trained a version with
1001 layers. Combining the power of skip connections in
addition to the standard pathway allows the network to copy
activations from every ResNet block or layer, maintaining
information during processing through layers. Various
features are finest assembled in external networks, as some
need extra depth. The skip connections facilitate both simul-
taneously, improving the network’s flexibility when given
input data. Skip connections allow the network to learn
residuals, thereby giving ResNets an advantage to perform
a boosting.

4.3. U-Net [33, 34]. U-Net is a very popular and successful
network for segmentation in 2D images. When fed an input
image, it is first downsampled through a “traditional” CNN
before being upsampled using transpose convolutions until
it reaches its original size. In addition, based on the ideas

of ResNet, there are skip connections that concatenate
features from the downsampling to the upsampling paths.
It is a fully convolutional network, using the concepts first
introduced in [35].

4.4. V-Net [34]. V-Net is a three-dimensional version of U-
Net with volumetric convolutions and skip connections as
in ResNet.

5. Feature Extraction Techniques

A technique of transmutation to exhume common character-
istics and shape in an image, extracting the image properties
that differentiate it from a range of images. CT and MRI
images are complicated, and methods of feature extraction
application on them are limited. Image features can be consid-
ered the fundamental attributes or prominent features for real-
izing the image. As in Table 5, feature extraction methods use
four image features, texture features, colour image features,
shape features, and spatial relations [46-48]. In [49], the
author classified feature extraction into topological and
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TABLE 4: Segmentation techniques: DeepLab V3, SegNet, and Fast Convolutional Network (FCN).

Method Advantages Disadvantages

Dataset DC ID  Modality Ref

App

(i) Allows us to enlarge
the fields of view of

(i) Has no postprocessing step

conditional random fields

DeepLab V3 [41, 42] filters to incorporate (ii) Does not scale well for large CHAOS 81.0 3D CT and Kidney Guo et al.
large context . MRI
. . or deeper layers if GPU
(ii) Preserves spatial L.
) . memory is limited
information
(i) Low memory
requirement during
both training and
testing (i) Both input image and
SegNet [43] (i) Improved boundary output segmentation have fixed OASIS 91.47 3D MRI Brain Khagi et al.
delineation resolution

(iii) Reduced number of
parameters enabling
end to end training

(i) Direct predictions are

(i) Ability to make
predictions on
arbitrarily sized inputs
(ii) End to end trainable
fast and improved
performance

FCN [44, 45] boundaries

detection, not object

(ii) Suitable mainly for object

typically in low resolution
resulting in fuzzy object

Retinal

Cai et al.
vessels

DRIVE 9533 3D Funduscopy

classification (used for local

rather than global tasks)

geometric features, statistical features, and series expansion
features and global transformation.

Many researchers have studied the detection of skin can-
cer, breast cancer, and brain cancer. Different algorithms
have been successfully applied for the early diagnosis of
these tumours. Artificial neural networks (ANNs) have been
implemented for detecting skin cancer [50]. They prepro-
cessed the image to remove noise and enhance the image.
The wavelet transform was used for feature extraction, and
then, the tumour was classified using backpropagation neu-
ral networks.

The features must depict the objects correctly for classi-
fication. Shape features and feature extraction methods can
both be based on either boundary characteristics or regional
characteristics. The methods of shape feature extraction are
boundary-based and region-based. Shape feature extraction
lacks a mathematical model, and if changed, the result is
not reliable, and accuracy depends on the presegmentation
effects [49, 51-55].

Wavelet decomposition is used for brain tumour detec-
tion. The grey-level cooccurrence matrix (GLCM) is used for
feature extraction, while probabilistic neural networks are
used for further classification [56]. Another algorithm for
brain tumour detection is using an artificial neural network
fuzzy inference system [57]. Various supervised learning tech-
niques are used to detect breast cancer. These include princi-
pal component analysis (PCA) for feature extraction and
support vector machines (SVMs) and k-nearest neighbour
for classification [5]. As seen above, the various parametric
and nonparametric classifiers can be used to classify and detect
different tumours based on the tumour’s features.

Dimension reduction is used in machine learning and
statistics to reduce the number of feature set, categorized
into feature selection and feature extraction [58, 59]. Feature
extraction is referred to as dimensionality reduction [60].
The input matrix W, of dimension A x B, is

(7)

where we have a sample representation by rows and vari-
ables represented by columns. The feature extraction algo-
rithm will learn from this transformation the prerequisite
features needed for extraction.

Image texture analysis is currently used to predict tumour
heterogeneity. However, only a few studies have reported
texture analyses of tumour heterogeneity in pdac [61].

Edge detection highlights the contrast or difference in the
intensity of an image. This detection draws attention to the
boundaries of features within an image, the same way a human
vision can perceive the perimeter of an object, which is of
different contrast to its environment. Fundamentally it is the
boundary of an image that varies in intensity levels or the
contrast [13, 14, 62]. The edge is at the location of the variation
and is detected by differentiation of first order. Intensity
variation is demonstrated by varying adjacent pixels. If com-
puted on image M, the horizontal detector edge creates an
intensity variation between two horizontally adjacent points,
as such detecting the vertical edges, VE(x), as follows:
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TaBLE 5: Feature extraction advantages and disadvantages.
Method Description (texture features) Advantage Disadvantage
Gabor wavelet In 1nforma.t10n theor.y applications, Denms Ga.bor used . Multiscale Incomplete cover of
complex functions to build wavelets forming a basis for Fourier spectrum plane needs
transform [52, 55, 58] robust . o
transforms. rotation normalization
. . . . . . Easy to use . .
GLCM-based method [48] Find the freguency of a set of pixel a.nd .1ts spatial relationship compact ngh corgpgtatlon cost
in an image to characterize its texture. robust partial description of texture
Method Description (colour features) Advantage Disadvantage
Defined in the hue-saturation-value (HSV) colour space with Compact and robust Needs

Scalable Colour
Descriptor [48] encoding

Colour
histogram [47, 48, 53]

fixed colour space quantisation and uses a novel, Haar transform

A histogram represents the dispersion of colours in an image. It
can be visualised as a graph that gives a high level of suspicion

never changing and
uninterrupted

postprocessing for
spatial information

High dimension

Simple to compute, easy sensitive to

to use and understand

regarding the pixel value distribution information
Method Description (shape features) Advantage Disadvantage
Wavelet Mathematical means for performing signal analysis when Translation and scale invariant good Average occultation

transform [47] the signal frequency varies over time.

Zernike

moments [48] the image

A set of rotation invariant features is introduced. They are
the magnitude of a set of orthogonal complex moments of

affine transformation good noise

. resistance
resistance

High computational
complexity bad affine
transform

Good noise resistance

VEy =|My—-M,, [Vxe,N-1;y€,N.  (8)

A vertical edge detector that varies adjacent vertical points
is needed to detect horizontal edge using vertical edge detec-
tors, VE(y), as follows:

VEy = |Mxy -~ M,y Vxe LN;ye LN-1.  (9)

We can then combine the two forming an operator VE(y)
that detect both vertical and horizontal edges. That is,

VEy =[My =M, + My~ M, |Vxye,N-1,

(10)

x+ly X,y+1

which gives

VEy = |2xM,, -M

ey M|V ye LN =1, (11)
given the coefficients of a varying template which can be
twisted together with an image to detect all the edge points.
Grey-level cooccurrence matrix (GLCM) and histogram
analyses are methods employed by texture analyses to clas-
sify objects according to their texture. Evaluation of grey
level placement, regularity, and coarseness within the dam-
aged or abnormal change in the pancreatic tissues, computer

vision, and machine learning algorithms can analyze CT and
MRI images to provide other morphological details related
to pdac tumour heterogeneity.

6. Survival Prediction Model Review

Traditional diagnosis models like the popular American
Joint Committee on Cancer (AJCC) tumour-node-
metastasis (TNM) model is used in cancer diagnosis.
According to [7, 8], the challenge is that they do not predict
the cancer patient’s overall survival. The study explores dif-
ferent ML techniques used in pdac survival rate prediction.

ML techniques classify pdac patients and learn to predict
the best survival period for each patient. Classify pdac stages
into low, medium, or high-risk groups. ML techniques have
been used to model the progression and treatment of pdac
conditions. ML tools are powerful in identifying features
from large datasets, which makes them of great use.

Big data with the increased patient will stress doctors,
making them more error-prone when making critical deci-
sions concerning human life. Machines can manage these
large sets of imaging data with a lower error rate, attested
by the unfitness of medical personnel to colligate and see
the big picture from imaging data. Machines can help them
by assessing large numbers of image datasets and determine
whether there are any patterns suspicious to be cancerous.
Machines also can assist by superseding doctors or specialist
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FIGURE 6: Types of machine learning: supervised learning, unsupervised learning, and reinforcement learning (a hybrid of supervised and

unsupervised learning).
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F1GURE 7: Supervised machine learning: accept training data in labelled test data (CT and MRI images). The trained ML algorithm output

plus new data is taken into the predictive model to make pdac patients’ survival prediction.

at times of their absence and provide the diagnosis in even
critical cases. ML can be either supervised learning or unsu-
pervised learning, as shown in Figure 6.

Supervised learning (Figure 7) is typically implemented in
the context of classification, mapping the input to output labels,
or regression, for the mapping of input to continuous output.

For both regression and classification, the goal is to find
specific relationships or structure in the input clinical data
for the correct generation of output patient clinical data,

determined entirely from the clinical training data. When
carrying on supervised learning, the principal circumstances
are model complexness and the bias-variance tradeoff.

Model complexity refers to the complexness of the func-
tion sought to learn. Figure 8 shows the data analytics types,
indicating the complexity of each type. The proper level of
model complexity is determined by the nature of patients’
clinical training data, the smallness of data, and distribution
throughout different possible assumptions.
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FIGURE 8: Data analytics types: four types of data analytics—descriptive analysis (problem definition), diagnostic analysis (identify cause),
predictive analysis (outcome forecasting), and prescriptive analysis (rules).

Unsupervised learning requires representation learning,
density estimation, and clustering to be carried out. We need
the inherent structure of our patients” clinical data without
using explicitly provided labels. Since no labels are provided,
there is no specific way to compare model performance in
most unsupervised learning methods. Exploratory analysis
and dimensionality reduction are the common use cases for
unsupervised learning. Unsupervised learning is powerful for
the identification of hidden structures in patients’ clinical data.
Over the years, survival prediction models in cancer were
developed implementing techniques like Decision Trees
(DTs), support vector machines (SVMs), Bayesian Networks,
and artificial neural networks (ANNs). There is a need to val-
idate these machine learning methods used in progression
analysis of cancer for them to be used in medical practices.

ML has been implemented in cancer prognosis or overall
survival prediction [63]. Most of the studies proposed for the
last years focused on developing predictive models using super-
vised ML methods to predict disease outcomes [64] accurately.
Based on the analysis of their results, it can be concluded that
the integration of multidimensional heterogeneous data, with
the application of different models for feature selection and
patients’ data classification, can help to model useful tools for
overall survival prediction for pdac patients [65].

Many evolutionary algorithms have been implemented
into resolving challenges to do with feature selection and
classification to analyze gene expression data. Genetic algo-
rithms [65-67] are implemented for creating selectors with
each allele is linked to one gene and having a state to tell if
selected or not. Genetic programming is practically applica-
ble to find hidden features in complex datasets. It is good for
identifying rule-based classifiers and gene expression profil-
ing from medical data.

A random survival forests method for the analysis of right-
censored survival data was suggested by [68]. New survival

splitting rules for growing survival trees and a conservation-
of-event principle for survival forests are proposed to define
an interpretable measure of mortality used as a predicted
outcome.

Some papers proposed the use of Feed Forward Neural
Networks. ANNs [69] were implemented for two years on
patients and the network predictions for twelve months of
death compared to surgical doctors. ANNs achieved a 95%
prediction accuracy [32].

The techniques can detect features from complex data-
sets. According to [66], genetic programming can make an
automatic feature selection. They showed that genetic pro-
gramming performs substantively better than SVM, multi-
layered perceptron, and random forests in classifying. As
reported by [70], the result indicated frequency usage of
ANN with high accuracy in survival prediction of any malig-
nancy. However, they suggested combining ANN and fuzzy
logic with 93% accuracy as superior and powerful.

A short review of current algorithms being used in ML
such as SVM [71-73], Naive Bayes [74], Logistic Regression
[75], genetic algorithms, Decision Tree, ANN, and KNN algo-
rithm is done. A graph-based semisupervised learning para-
digm that takes advantage of both unlabelled and labelled
data when training a model is used. Other semisupervised
learning (SSL) are self-training, cotraining, and transductive
SVM.

According to the study [76], for lung cancer, the study
chooses Linear Regression, Decision Trees, Ensemble Learn-
ing algorithm, random forest, and Gradient Boosting
Machines as logistic-based methods. SVM was then used to
sum the predictions of each of the five models into final pre-
dictions. The study by [77] concluded that classification and
regression trees (CARTS) are also used compared to ANN as
prediction modes. ANN proves significantly more accurate
than the CART model. The comparison of three different
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techniques is in [78], SVM, Decision Trees, and k-nearest
neighbour. SVM proved to be the best performer.

However, in [79], the extracted features are used as inputs
for Back Propagation NN and Logistic Regression (LR) and
the two algorithms are compared for accuracy. LR was the best
given a higher number of features. Random forest [80] was
used as a biomedical classifier that has led to the proposal of
two variants, namely, Forest-RK and dynamic random
forests [81].

In survival prediction for cancer [35, 82-84], they used
convolutional neural networks (CNNs) for classification
and feature extraction with the aid of computer-aided diag-
nosis (CAD) based on pathological images. Tumours can be
characterized through the implementation of supervised ML
[85] for labelled data, and usage of SVM as state-of-the-art
classification algorithms. Experiments to prove state-of-
the-art ML techniques can be efficiently or equally better
than traditional techniques (Linear and Logistic Regression)
were done [86]. All algorithms executed using Weka ML
workbench. ML algorithms used are Linear Regression, ZeroR,
and Logistic Regression. For classification, the algorithms they
used are Naive Bayes, ]4.8 (C4.5 learning algorithm), k-nearest
neighbor, OneR, Locally Weighted Learning, and Bayesian
Nets.

Colon cancer predictions [87] implemented a supervised
classification technique. Synthetic Minority Oversampling
Technique (SMOTE) was used to balance the survival and
nonsurvival classes. Ensemble Voting of three classifiers
was found to result in the best prediction performance in
prediction accuracy and area under the receiver operating
characteristic (ROC) curve. The study by [88] proposed a
semisupervised model in trying to address data scarcity in
cancer datasets. Ensemble classifiers used to learn unlabelled
data. CART tools helped to deal with missing attribute
values by using the surrogate splitting technique. ML tech-
niques can be categorized into the following:

(1) Statistical techniques
(2) Deep learning (DL)

6.1. Statistical Techniques. According to [3, 63], Weibull
distribution is implemented to estimate the overall survival.
It is the widely used technique for statistical cases involving
data with periods, which considers life behaviour. The
author states that alpha is the rendering probability of
63.2% prediction that an event occurs. Beta is used to repre-
sent the probability of growing (beta > 1) and to decrease
(beta < 1). If nearing one, then the distribution is exponen-
tial with an invariable chance rate.

The study [8, 89] used the cox proportional hazard to
assess the independent effects of prognosis factors. It was
also implemented to assess the correlation between tumour
node metastases (TNMs) [63]. Song et al. [8] used a Stu-
dent’s t-test or chi-square test to compare disease features.
The Kaplan-Meier was used for the assessment of survival
factors. The rank test was used to test survival curve varia-
tion. They argued that their model is capable of providing
quantitative prognosis to individual cancer patients. Song

11

et al. and Hang et al. [8, 89] designed a graphical nomogram
using the R statistical package using statistical analysis. The
c-index was applied to validate the predictive accuracy of
the nomogram.

6.2. Deep Learning. Deep learning is a subset of ML, in which
algorithms learn unsupervised from unstructured or unla-
belled data. Deep neural networks (Figure 9) are designed
based on biological neural networks with many hidden
layers to extract features from data using interconnected
node matrix to imitate how the human brain works.

A node is the basic unit of an artificial neural network.
The input feature set is multiplied by corresponding weights
using mathematical functions, passing the output to the next
node layer. These outputs are weighed up to known facts. It
autoadjusts the weights using errors as feedback to minimise
future errors during iterations [90, 91].

Deep learning rose to its prominent position in computer
vision when neural networks started outperforming other
methods on several high-profile image analysis benchmarks.

The main common characteristic of deep learning
methods is their focus on feature learning: automatically
learning data representations. Discovering features and per-
forming a task are merged into one problem and therefore
both improved during the same training process [31].

Tumour detection in pancreas images is achieved using
CNN, which extracts the image features, classifying the
tumour based on the extracted features. Various classifiers
used for feature extraction in machine learning include
Naive Bayes classification, support vector machine, and
logistics functions. CNN delivers the information needed
using convolution methods in three steps: convolution,
pooling, and padding, which are layers in the input and out-
put images. Region Convolution Neural Network (R-CNN)
is used to extract image features from a particular region.
The CNN will be acting as a feature extractor.

[92] suggested deep learning and described it as in the
unsupervised learning category. Segmentation using CNN
is mainly used for image processing in machine learning. It
requires providing segments of the pancreas image to the
convolution neural network as the inputs. CNN labels the
pixel and classifies each pixel determining the context to
identify the images. A segment represents the tumours in
the pancreas image or parts or the superpixels. Analysis of
the images is carried out in three levels: classification,
tumour detection, and segmentation. Segmentation signifi-
cantly detects the tumour, classifying them into their differ-
ent classes.

6.2.1. Deep Learning Frameworks and Image Processing
Platforms. Developing complex machine learning models
for image processing requires special platforms and frame-
works. Some of the popular frameworks are TensorFlow
and PyTorch.

(1) TensorFlow [93]. Google developed TensorFlow, which is
an open-source framework with support for machine learning
and deep learning. TensorFlow facilitates the creation and
training of custom deep learning models. The framework has
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FIGURE 9: A deep neural network basic illustration. New data features (input layer (7)) are examined by many interconnected nodes (hidden
layers (h)) that form the hidden layer generating the output (output layer (0)). The weights are represented by w where n = 4.

a set of libraries, including for image processing projects and
computer vision applications.

(2) PyTorch [94]. PyTorch is an open-source deep learning
framework designed by the Facebook AI Research lab
(FAIR). This Torch-based framework has Python, C++,
and Java interfaces. PyTorch is used for building computer
vision and image processing applications.

6.2.2. Neural Networks in Image Processing. Researching on
neural networks has been done for many years, which has
seen improvements in machine learning, a reason for the
magnificent progress in medical imaging and computer
vision technology today. Most successful machine learning
models for image processing implement neural networks
and deep learning. Examples include Mask R-CNN and fully
convolutional networks.

(1) Mask R-CNN. Mask R-CNN [95] is a Faster R-CNN-
based deep neural network that separates tumours in a proc-
essed image. This neural network performs segmentation
and generates masks and bounding boxes. The neural net-
work is adjustable, flexible, and efficient as compared to
other techniques. Mask R-CNN is poor in real-time process-
ing, as the neural network is massive and the mask layers
slow performance, mainly if compared to Faster R-CNN.
For instance, segmentation, Mask R-CNN is a very efficient
technique.

(2) Fully Convolutional Network (FCN). FCN [40] was devel-
oped by University of Berkeley researchers. CNN has a convo-
lutional layer rather than FCN, which has a regular, fully

connected layer. This difference enables FCN to manage vari-
ous input sizes. Also, FCNs use downsampling and upsam-
pling to reduce computational costs for convolution functions.

7. pdac Survival Prediction

There is a possibility that delay in diagnosing pdac can cause
concentrated resectable tumours to develop into unresect-
able by the time of diagnosis [96]. They estimated that it
might take just over one year for an average T1-stage pdac
to develop into a T4-stage tumour. CT/MRI scans taken by
radiologists for other medical purposes but not focused on
the pancreas are useful for screening pdac at a reduced cost,
time, or radiation exposure [97]. Deep learning has proven
to serve as a tool at the disposal of a radiologist in
computer-aided diagnosis that points to minor changes on
the pancreas that may result in abnormalities that health
experts could miss.

A few studies have evaluated the detection of pdac
tumours using deep learning techniques [98]. According to
[99], they study CT scans using deep learning networks from
303 pdac patients and 136 normal test data. The results
showed the detection of pdac had 94.1% sensitivity and
98.5% specificity. The study by [100] used 370 patient CT
scans suffering from pdac and 320 test data to study the
effectiveness of deep networks in pdac tumour detection. A
98.8% accuracy, 99.3% specificity, and 98.3% sensitivity were
achieved. The study proved that a deep network, if imple-
mented in detecting pdac, is more sensitive than radiologists.
The results indicated that about 91.7% of tumours missed by
radiologists could be correctly classified by deep network
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and paying attention to tumours less than 2cm in size,
achieving a 92.1% sensitivity.

The advantage is that deep learning has over traditional
methods, as the networks can adapt automatically and mod-
ernise features from big data instead of already added fea-
tures. Deep learning is effective in that it can receive new
complex pancreas image feature representation quickly [92].

Convolutional neural networks (CNNs) are a category of
deep learning networks developed precisely for image pro-
cessing. The networks have neurons that mimic neurons in
the human brain. CNNs need fewer preprocessing opera-
tions than other neuron networks, and the networks learn
the required filters and characteristics during training rather
than using hand-engineered filters. They are multilayered
neural networks with layers organised in three dimensions:
weight, height, and depth. They have two components: fea-
ture extraction and classification [17, 98, 100].

Fully convolutional network (FCN) is suitably imple-
mented in image segmentation tasks when the neural net-
work splits the processed image into many pixels to be
labelled and classified. Popular examples of FCNs for
semantic segmentation are RefineNet and DeepLab.

U-Net is a convolutional neural network that allows for
fast and precise image segmentation. U-Net was designed
particularly for the segmentation of complex tasks in bio-
medical image processing. U-Net is built with U-shaped
architecture with more feature channels in its upsampling
part so that the network propagates context information to
higher-resolution layers [34].

In feature extraction, CNN runs many convolutions and
pooling functions to detect features used for image classifica-
tion. The network algorithm predicts the tumour in the pan-
creas image with a calculated probability in the classification
component.

Techniques employing deep learning are used in the pre-
diction and prognosis of pdac development. They focus on
three major domains: prediction of cancer susceptibility, pre-
diction of pdac relapse, and prediction of pdac survival rate.
This paper focuses on the third case, which predicts several
possible parameters characterizing pdac development like
survival time, life expectancy, and progression. The overall
survival rate and the pdac relapse mostly depend on the med-
ical treatment and the quality of the diagnosis [101].

8. Dataset

According to the study [102], they used the Cancer Imaging
Archive (TCIA) Public Access dataset, consists of 3D CT scans
of 512 x 512-pixel resolution from 53 males and 27 female sub-
jects of the 18-76 age group. Liu et al. [100] implemented CNN
to the Taiwanese Centre dataset with contrast-enhanced CT
images of 370 patients with pdac and 320 controls. These data-
sets can be used to study the prediction of pdac overall survival
using CT images and ML or deep learning techniques.

9. Period for Prediction

According to [63], they considered one year, three years, and
five years, but [87] reduced the three years to two. While in
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[65], high or low was used. Follow up for five years [32] and
predict death within nine, twelve, fifteen, eighteen, twenty-
one, and twenty-four months. However, they differ with [7]
as they used six, twelve, and twenty-four months. Short
periods of survival times like less than six months give better
accurate results when developing a prediction model [103].
Some authors [89] used three risk groups with median overall
survival of 11.7, 7.0, and 3.7 months. Short- and long-term
classes were used by [104, 105]. According to [77], five-year
survival was output prediction with zero for dead and one
for alive and classified as good, intermediate, or poor.

10. Validation Methods

In the study of Kourou et al. [65], the methods used for eval-
uating the performance of a classifier are the holdout
method, bootstrap, random sampling, and cross-validation.
According to [8, 89], they validated their nomogram using
discrimination and calibration and using bootstrap resam-
pling. Discrimination between survival probability and
actual observation was evaluated using c-index. Calibration
plot was constructed to determine the concordance of pre-
dicted survival and actual survival.

Tenfold cross-validation methods were employed [76] to
measure the unbiased estimate of the prediction models
(DTs, ANN, and SVM). Nevertheless, [104] called it k-fold
cross-validation, depending on the factor (k) used. According
to [105], they used a leave-one-out-cross-validation (LOOCYV)
protocol.

11. Conclusion

This paper reviews machine learning techniques imple-
mented in overall survival prediction of pancreatic cancer
patients, that is, statistical and DL methods. ML methods
have significantly proved to be effective if applied to the
overall survival prediction of pdac. Features used for predic-
tion include genomics and proteomic data, clinical factors,
and pathological images. The need to identify possible weak-
nesses in experimental design, data collection from good
sources, and the analysis and validation results is vital as it
affects the prediction of clinical decisions. There is a need
for a model that could help in the individualized survival
prediction calculation and provide specific treatment deci-
sions. Based on the reviews done on most studies, we have
found that for the integration of various feature extraction,
segmentation, and classification, DL techniques can provide
a useful prediction tool best to make accurate predictions
that will assist pathologists in making informed decisions.
Implementing frameworks and platforms like PyTorch
and TensorFlow in developing computer vision and image
processing significantly improves the overall survival predic-
tion for pdac patients. Various neural networks are deployed
to solve various image processing tasks, from binary classifi-
cation to instance segmentation. Selecting the proper type
and architecture of a neural network is important in creating
an efficient machine learning-based image processing solu-
tion. The most used neural networks in DL are CNN and
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FCN. The U-Net model is largely implemented in image
processing tasks and has shown a high degree of accuracy.

The authors suggest reinforcing different DL techniques
in order to come up with an efficient pdac predictive model.
An end-to-end model that will use DL techniques to predict
the overall survival rate of pdac patients is proposed.
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3. 3. CONCLUSION

3.3 Conclusion

In conclusion, the comprehensive survey of the state-of-the-art in pancreatic cancer survival
prediction underscores the critical advancements made in recent years. The amalgamation of
advanced machine learning and deep learning techniques, innovative biomarker identification, and
extensive data integration has brought about a paradigm shift in our ability to foresee and
comprehend pancreatic cancer prognosis. While challenges such as dataset heterogeneity and limited
longitudinal data persist, the remarkable progress showcased in this survey instils optimism for the
future of pancreatic cancer management. As research endeavours push the boundaries of prediction
accuracy and clinical applicability, the potential to enhance patient outcomes through early
intervention and tailored treatment strategies becomes increasingly tangible. This survey not only
highlights the strides made but also underscores the imperative of continued collaborative efforts
between medical experts, data scientists, and technology developers to refine our understanding and

prediction of pancreatic cancer survival.
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Chapter 4

Segmentation of CT Pancreas Images

4.1 Introduction

In medical imaging and image analysis - specifically, the segmentation of CT pancreas images. In the
ever-evolving healthcare landscape, non-invasive imaging techniques like Computed Tomography
(CT) have become indispensable tools for diagnosing and understanding complex anatomical
structures. The pancreas, a vital organ with multifaceted functions, presents unique challenges in
medical imaging due to its intricate contours and variable appearances across patients. Through
advanced computational methods and cutting-edge technology, the segmentation of CT pancreas
images aims to delineate this organ with remarkable precision, fostering improved disease detection,
treatment planning, and a deeper comprehension of its physiological dynamics. This study will delve
into the methodologies, significance, and potential applications of CT pancreas image segmentation,

unravelling its pivotal role in modern healthcare.

4. 2 Light Gradient-boosting Machine Edge Detection with Cropping

Layer for Semantic Segmentation of Pancreas

Accurate and efficient organ segmentation is paramount for diagnosis and treatment planning in
medical imaging. In particular, pancreas segmentation is crucial in assessing pancreatic diseases. To
address this challenge, researchers have explored various deep-learning techniques, and one
promising approach is the application of a Light Gradient-boosting Machine (LightGBM) with a

cropping layer for semantic segmentation of the pancreas.

Light Gradient-boosting Machine Edge Detection with Cropping Layer is a novel method for semantic

37



4. 2. LIGHT GRADIENT-BOOSTING MACHINE EDGE DETECTION WITH CROPPING LAYER FOR
SEMANTIC SEGMENTATION OF PANCREAS

segmentation of the pancreas in medical images. The paper first uses traditional methods to detect the
edges and crop the image. The cropped image is then passed to LGBM for a semantic segmentation

network to predict the pancreas segmentation.

LGBM has several advantages over other methods for semantic segmentation of the pancreas. First,
LGBM is very fast, making it suitable for real-time applications. Second, LGBM is accurate,
achieving state-of-the-art results on several benchmark datasets. Third, LGBM is very robust to noise
and variations in image quality. LGBM is a powerful gradient-boosting framework with exceptional
performance in various machine-learning tasks. By leveraging its ability to handle large-scale
datasets efficiently, LGBM can effectively capture complex patterns and relationships in medical

images.
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Abstract

Anatomical variations in shape and volume metrics make pancreas medical image processing
one of the most difficult subjects. Image processing in pancreas Computed Tomography (CT)
is required to detect the class of pancreas anomaly accurately, reducing the possibility of a
fatal outcome. It is estimated that a misunderstanding of radiology images accounts for 40%
to 54% of all negligence claims. Machine learning advancements have created opportunities to
train algorithms to learn patterns in pancreas images and use that knowledge to predict the
pancreatic ductal adenocarcinoma (PDAC) overall survival rate. This paper performs feature
extraction on CT pancreas images using edge detection techniques. Non-Local Means (NLM)
are applied to the images to remove noise and smoothen them to highlight the defect. The
experiments achieved an Intersection over Union (AOU) of 0.79 and an accuracy of 0.96. The
images are then passed through the cropping layer to remove unwanted sections. The new train
set is obtained from aggregating features from the edge detection feature extraction techniques
and was then pruned to only eight features using the Principal Component 