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Abstract
Breast cancer is a major global health concern and a leading cause of cancer-related deaths among
women. Projections show annual cases will surpass 3 million by 2040, underscoring the urgent
meed for accurate and accessible diagnostic tools. Although mammography is the most common
screening method, its accuracy can be compromised by issues such as tissue superposition and
mterpreter variability, especially in low-resource settings. This study developed artificial
intelligence-based algorithms to enhance early and accurate breast cancer detection from
mammograms.
A mixed-method approach was adopted, beginning with a systematic literature review to identify
state-of-the-art Al techniques in breast cancer diagnosis. Based on these insights, several deep
learning-based algorithms were designed and developed to enhance mammogram quality and
support diagnostic classification. The models were trained and evaluated using publicly available
mammography datasets.
Experimental results demonstrated significant improvements in classification and visualization.
Enhanced VGGI19 achieved strong sensitivity for malignant case detection, the Cycle GAN
framework produced state-of-the-art classification performance with high accuracy and AUC, and
Mammogan++ delivered near-perfect diagﬁostic accuracy of 0.9849, sensitivity “of 0.9717,
specificity of 1.000, and an AUC of 0.9985. Collectively, all models offered clinically feasible
inference times, making them suitable for real-world applications.
In conclusion, this research bridges the gap between Al innovation and clinical practice,
particularly in settings with limited resources. Future work should focus on hybrid app-roaches that
integrate deep learning with traditional machine learning techniques to strengthen robustness,

improve interpretability, and ensure trustworthy deployment in clinical environments.
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Chapter 1: Introduction

1.1 Background

Cancer arises from the uncontrolled and disorganized proliferation of abnormal cells within the
Sody. In 2022, around 20 million new cancer cases were identified globally, with deaths
accounting for nearly half of these diagnoses [1]. Breast cancer ranks as the second most
commonly diagnosed cancer worldwide, representing approximately 11.6% of all cancer cases,
and remains the leading cause of cancer-related deaths among women [1, 2]. Among the 9.7
million cancer cases reported in women, breast cancer accounted for about 23.8%, translating to
moughly 2.3 million cases. It is also responsible for approximately 15.4% of cancer-related deaths
= women [1]. Breast cancer is an emerging global threat in women, and according to projections,
i 1s expected that newly diagnosed cases will surpass 3 million annually by the year 2040,
representing a significant 40% surge in the incidence rate. Unfortunately, this rise in cases will be
accompanied by approximately 1 million deaths, signifying a worrisome 50% escalation in the
mortality rate. The incidence of breast cancer is consequently an emerging global health challenge
3]. Globally, there is rise in breast cancer incidence in developed countries, however, better health
mmfrastructure and early detection have contributed to the decrease in the mortality rate [1, 4].

‘a Affica, the highest incidence of breast cancer (22.6 cases per 100,000) is found in Western
“frica; Northern Africa (19.0), Eastern Africa (17.6), Southern Africa (16.6), and Middle Africa
- 13.2) are the next highest incidence regions [1]. The number of female breast cancer in Africa has
Seen on the rise, attributed to various risk factors encompassing heredity, environmental stimuli,
and lifestyle alterations [5, 6]. Delayed marriage, breastfeeding period, and age of onset of
menstruation are factors that contribute to this increasing trend [5]. Since 2008, there has been a

notable 20% upsurge in the global number of breast cancer, establishing it as the most frequently



Ziagnosed cancer among women in Africa [7, 8]. Between 2005 and 2015, the number of cases
Zoubled from 1.2 million to 2.4 million, with 13% of the increase attributed to population growth
and 15% to an ageing population [7]. Due to the insufficient health facilities and low survival rates
o¢ breast cancer as a result of delayed presentation, sub-Saharan African countries have an
smereased mortality rate [1, 7, 9]. Improvements in early identification of breast cancer at the
localized stages of development and the treatment of the cancer have raised the relative five-year
survival rate to almost 99% [10].

The breast contains lobules, which are specialized glands responsible for milk production, while
ducts serve as channels that carry the milk to the nipple. The breast has no muscle, but there is a
=ng of fat and connective tissues surrounding the duct and glandular tissue [11].

Seeast lesions are usually lumps found in the breast. These breast lumps may or may not be
“dentifiable since they tend to occur in women of all ages, however, the growth in the lumps may
orogress until the size is big enough to be felt. The breast tissue may be lumpy in normal tissues
n some women, while some can be pathologically small and deeply located in the breast. There is
= likelihood that abnormal lumps may be benign tumours and not cancerous [12, 13]. Cancers in
the breast usually begin with the malfunctioning of the milk-producing cells causing invasive
Zuctal carcinoma and it may also start from other breast tissues including the glandular tissue called
“otales, that is, invasive lobular carcinoma [14]. |
Different from breast lumps is the presence of microcalcification which is mostly overlooked or
missed due to the size. They are 0.1 to 1.0 mm approximately in size and are less visible to the
maked eve. Microcalcification of the tissue is difficult to perceive since the surrounding tissues are

demse. The presence of calcification in the breast tissue might suggest precancerous alteration or



Zmcer in the tissues. Due to the unclear boundaries and low contrast on mammograms, most
£sions are misdiagnosed [15].

fo visualize the internal breast tissues, an imaging technique called X-ray mammography is
equired, which is affordable and readily available. It is the fundamental and most commonly used
imaging technique and is also regarded as the gold standard approach. It makes use of a low-dose
S-say, thus exposing the breast to a much lower dose of radiation. The craniocaudal (CC) and
mediolateral oblique (MLO) views are the two different acquired mammograms [14, 16].

& rther assessments are performed if an abnormality is perceived. If the mammogram is perceived
= normal, a second reading by an expert radiologist may detect up to 9% of cancer. Since these
sssessments are based on the expertise of radiologists, the screening programmes are frequently
suestioned due to false positive results. These false positive results lead to unwarranted biopsies,
pevchological trauma and needless treatments [17].

‘=fortunately, mammography possesses inherent limitations. Superimposition of tissues may
woscure underlying lesions, which tends to affect the accuracy of breast cancer detection. This
process is error-prone since it is a technique t.hat is dependent on the analysis and intefpretation of
& radiologist [18].

Astificial intelligence (AI), which is the ability to use digital computers or simulations to perform
“sis assigned to human beings, has over the past few years transformed and increased the cancer
“==ction rate. The use of Al such as deep learning and machine learning, in the design of systems,
2= the diagnosis and detection of cancers has seen enhancements [17]. Recent advances hold
=wireme potential in assessing breast cancer risk, improving diagnosis, predicting outcomes, and

monitoring treatment progress. The capabilities of Al have been effectively harnessed for both the

S=tection and predictive evaluation of breast cancer [18-20]. With Al having 96.6% sensitivity and



2% false negative rate against 87.3% sensitivity and 12.7% false negative rate of radiologists, it
&2 be deduced that Al has higher sensitivity than radiologists [18].

Despite the promising capabilities of Al in breast cancer detection, existing models are not without
Senificant limitations that hinder their widespread clinical adoption. Many current Al systems are
P\-’eloped and validated on datasets from homogenous, predominantly Western populations,
“=aiing to potential biases and reduced diagnostic accuracy when applied to diverse patient
S=mographics, genetic profiles, and breast densities found in global populations, particularly in
&z [21]. Furthermore, these models often function as "black boxes," providing decisions
Sihout transparent, interpretable reasoning, which erodes clinician trust and complicates
S=gration into diagnostic workflows. This critical shortage of expertise is especially acute in
S=veloping nations across Africa, where the radiologist-to-patient ratio is catastrophically low. For
fmstance, in some Sub-Saharan African couﬁtries, there is fewer than one radiologist per million
people, creating an unsustainable burden and highlighting the urgent need for effective decision-
Simport tools [22]. Therefore, a gap exists for robust, interpretable, and generalizable Al models
&5 can function effectively within resource-constrained settings to augment, not replace, the

Scarce human expertise available.

P Problem Statement

lﬂemﬂ\ breast cancer is a leading cause of cancer-related mortality among women, yet early
“etection significantly improves survival rates [2, 15]. X-ray mammography remains the gold
samcard for screening; however, its efficacy is heavily reliant on the manual interpretation by
saciologists, This process is inherently subjective, time-consuming, and prone to error, particularly
Zwe 1o challenges like tissue superimposition and high breast density, which can obscure lesions

| 13-25]. Consequently, the sensitivity of radiologist interpretation varies widely from 77% to 87%,



£aing to missed diagnoses and false positives that cause unnecessary biopsies and patient anxiety
13 4

T5is diagnostic challenge is severely exacerbated in resource-constrained settings, such as many
#can countries, where a critical shortage of radiologists creates an unsustainable patient-to-
Soecialist ratio and overwhelms healthcare systems [22]. The practice of double-reading, used to
= z=ie errors, 1s often not a feasible solution in these contexts.

“r5cial intelligence (AI) offers a promising solution to augment radiological expertise and
smowove diagnostic accuracy. While existing Al models demonstrate high performance, they
fossess significant limitations that prevent widespread adoption. Many are developed on
Somogenous datasets lacking diversity in ethnicity, genetics, and breast density, leading to biased
&= unreliable performance when applied to broader, global populations [21]. Furthermore, most
Sumction as "black boxes," providing decisions without interpretable reasoning, which erodes
& mician trust and hinders integration into reél-world diagnostic workflows.

“erefore, there is a critical gap for a robust, interpretable, and generalizable Al-based system that
cam enhance mammogram analysis. This research directly addresses this gap by proposing novel
& zorithms to improve the accuracy and timeliness of breast cancer detection, with a focus on

Lr==ting a tool that can effectively support the scarce radiological expertise in developing nations.

L3 Main Objective
= main objective is to develop and validate a novel, interpretable Al algorithm that enhances the
scowracy and efficiency of breast cancer diagnosis from X-ray mammograms in resource-

somsirained settings.



% Specific Objectives
2. To establish the extent to which artificial intelligence has been adopted in breast cancer
diagnosis and classification from X-réy mammograms.

o Link to Technology/Approach: This objective will be achieved through the conduct
and publication of a Systematized Literature Review (as shown in your Manuscript)
which will directly inform the technical gaps that our novel algorithms aim to fill.

5. To develop Al-based algorithms for accurate and timely diagnosis and classification of

breast cancer from X-ray mammograms.

o Link to Technology/Approach: This will be accomplished by developing and training:

Enhanced VGG19 Model (Model 1): A deep-learning classifier that fuses manually engineered

(handcrafted) features with deep features extracted from an enhanced VGG19 architecture for

accurate diagnosis and classification.

. CycleGAN Feature Extraction Model (Model 2): An advance generative adversarial network
model that utilizes a CycleGAN framework integrated with three deep learning models to extract
robust, domain-invariant features, providing a complementary feature set for analysis.

. MammoGAN++ (Model 3): A neural network for pre-processing and enhancing mammogram
image quality, directly addressing challenges like low contrast and dense tissue.

= Totest and validate the developed algbrithms for accurate and timely diagnosis and
classification of breast cancer from X-ray mammograms.
» Link to Technology/Approach: The validation will involve benchmarking the
developed models both individually and in various integrated configurations on diverse
mammography datasets to demonstrate superior accuracy, efﬁciency, and

generalizability.



.5 Research Questions

a. What are the available artificial intelligence used in breast cancer diagnosis and
classification? This question was relevant in achieving objective one. A comprehensive
literature review was conducted on automated image analysis and artificial intelligence
usage in breast cancer diagnosis. This research involved searching peer-reviewed
literature from Google Scholar, PubMed, IEEE, and Scopus databases from 2008 to 2023.
This question was used to determine the direction, requirements, and challenges that can
be encountered in the application of artificial intelligence in the diagnosis of breast cancer
Jrom X-ray mammograms.

b. How can an accurate and timely artificial intelligence model be developed to diagnose and
classify breast cancer? This question was employed lo achieve objectives two and three.
Based on the findings from objective one, an artificial intelligence algorithm was
developed to enhance X-ray mammograms for accurate breast cancer diagnosis.

What is the accuracy, sensitivity, specificity, and Receiver Operating Characteristic (ROC)

(x]

curve of the developed model? Affer designing the image enhancement algorithm, the
performance of the models were evaluated by determining the accuracy, sensitivity,

specificity, and ROC of the developed algorithm.

L8 Justification

“-==v mammography is the most prevalent approach for breast screening. It is an efficient way of
Szznosing breast cancer; however, it is dependent on the expertise of radiologists in the
serpretation and analysis of the mammograms. The rate at which false negatives are diagnosed
&= much higher than false positives. A cancerous person misdiagnosed as a false negative may have

S survival rate reduced since the misdiagnosed cancer might have progressed in stages by the



-

= e diagnosis is made. This misdiagnosis occurs because radiologists are more specific than

s [26].

S8 mmaduction of artificial intelligence in the use of X-ray mammography will help eliminate

Fl: me=zative and false positive breast cancer diagnoses, which are important in the fight against

S cancer. The use of Al will, therefore, increase the accuracy and precision of diagnosis.

S = 2l in 2021, reported that radiologists used 36.4% of their time to interpret images, and the

== o0 the time was dedicated to other operational duties, however, high precision is of importance

= The large volumes of images and the dedicated time spent on the interpretation of images

% therefore, mean that there will be a high possibility of delaying the issue of the report and,

Semee. early detection. This challenge can be overcome by the use of trained Al, which would
#imimate delays and misdiagnosis and enhance early detection. By employing the use of Al in the
£snoss of breast cancer, the United Nations Development Programme (UNDP) on Sustainable
D clopment Goals (SDGs) which seeks to reduce non-communicable disease-related death by
Sme-thind can be achieved by 2030 [28]. The African Union (AU) strategy of prioritizing early
S=s=ctiom and treatment as part of comprehensive control can be achieved by the application of Al
& Seeast cancer diagnosis [29]. The research will help to fulfill one of the aims of the National
sneer Control Plan of Uganda which seeks to detect breast cancer early and Ghana’s Ministry of
Sisa s target of reducing the incidence of cancer mortality by 30% through primary prevention,

&=ctive screening and early detection [30, 31].

1.7 Scope of the Study
e mesearch is focused on designing Al algorithms to enhance the accuracy and timely diagnosis
© Beeast cancer. For the study, X-ray mammograms sourced from an open-ended mammogram

“stzbase were acquired as the primary data for this research. The mammogram images were pre-



essed, segmented, and classified. During the pre-processing phase, image enhancement

ues were employed to enhance the image quality by removing noise and normalizing the
Appropriate segmentation techniques were be utilized to differentiate the region of interest
the surrounding areas. The feature extraction technique will be employed on the output from
s=zmentation stage and then used to train the developed Al algorithm to accurately classify the
The trained Al algorithm will be tested and validated for its efficiency and timely

Sassification of breast cancer by employing the confusion matrix to evaluate the performance of

B= model.
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L% Structure of the Thesis

T rest of the thesis is structured as follows:

Chapter 2: Literature Review

U= chapter deals with breast cancer, the breast cancer burden in the world, the types of breast
cer stages and the various diagnosing techniques. It delves into the application of artificial

B izence in breast cancer, the image enhancement techniques and the research gap deduced

B Bierature.

Chapter 3: Materials and Methods

"% chapter presents the general research philosophy adopted for the study. It outlines the design

soence, artificial intelligence model life-cycle and the model of classification performance

&2 uation employed in this research work.

Chapter 4: Review of Al application in Breast Cancer Diagnosis

S8us chapter delves into the research works from 2008 to 2023 on the application of artificial

W= Szence in the diagnosis of breast cancer. It outlines the datasets used, the image enhancement

S=smmigues, the segmentation techniques and the classification techniques utilized by resea?chers.

L Rapter 5: Breast Cancer Diagnosis based on Handcrafted and VGG19 features

Fm chapter presents the approach used to develop the breast cancer diagnosis model, the

h;mz‘::ent setup and experimental ﬁndings..

" Sapter 6: Breast Lesion Visualization using CycleGAN

" chapter deals with the approach which employed CycleGAN for image transformation and

= smzlgamated ResNet50, EfficientNetBO a}nd VGG19 for feature extraction. It delved into the

ssmemmental setup and findings.
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“Bapter 7: Enhancement of Mammograms using Mammogan-++

Ps chapter presents a novel approach of using Mammogan++ to enhance mammograms for
ﬁﬁcation, describing the experimental setup and the classification performance of the model.
;hlpter 8: Evaluation of the Models

F chapter presents a comparative analysis of the developed breast cancer diagnosis and
:hniﬁcation models with other existing.

“apter 9: Contributions and Future Work

"% chapter deals with the contributions of the research work from each of the algorithms,

=oommendations and future works.

11



Chapter 2: Literature Review
4 Introduction
&is chapter delves into the existing literature in the field of the application of Al in the diagnosis
f breast cancer. It deals with a review of relevant literature on breast cancer, diagnosis of breast
wcer, and Al It discusses breast cancer, the stages of breast cancer, diagnosing techniques, image

rancement techniques, Al and the research gaps deduced from the literature.

hBreast Cancer

S=ast cancer starts mostly in the lining cells of the duct. It is estimated that 85% of the time, it
Fzinates from the ducts, while the other 15% starts from the lobules in the glandular tissues.
i*stly, it is localized with minimum metastasis and does not often cause any display of symptoms.
fmay, however, progress over time and invade the immediate surrounding tissues and then later
irtad to regional lymph nodes. If untreated, it may disseminate to other regions of the body,
==red to as distant metastasis, which primarily results in mortality. The treatment of breast
ST rhay involve surgical removal, chemo, hormonal, targeted biological, and radiation
S=mpies. However, the success of the treatment is dependent on early detection [32]. Figure 2.1

Sows normal female breast anatomy.
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— Milk duct

Adipose tissue

Figure 2.1: Normal female breast anatomy [33]

Cancer Burden

I cancer is an emerging global health challenge. It is one of the foremost causes of mortality
The World Health Organization (WHO) projected that in 2020, about 2.3 million
- were diagnosed with breast cancer. Unfortunately, around 685,000 women died from
-er worldwide. From 2015 to 2020, 7.8 million women were identified to be liviﬁg with
or. Breast cancer has affected women in their disability-adjusted life years more than
cancer [34].

an Africa (SSA), both breast cancer mortality and incidence rates are increasing ata
> compared to developed countries. Furthermore, projections indicate that by the year

prevalence is expected to double [7]. For example, by the year 2030, it is projected that

. This rate is expected to rise by approximately 57.7%, affecting women of all‘age groups.

the majority of cases are anticipated to occur within the age range of 30 to 55 [32]. Also,

13



= cancer cases, with an estimated 4,645 new cases (20.4%), surpassing the previous estimate
62 new cases in 2012. Unfortunately, nearly half of these cases result in mortality, primarily
» late-stage diagnosis, and 58.2% of affected women are under the age of 50 [35].

WHO has resolved to help reduce breast cancer mortality between 2020 and 2040 by 2.5%

wear. This can be achieved by the promotion of early detection, timely diagnosis, and
=hensive case management [34].

Stages of Breast Cancer

=== of breast cancer describes the level of cancer in the body, and the process of determining

-—

‘==l of the cancer is known as staging. The breast cancer stage determines the mode of
=nt that has to be used [36]. This determination can either be clinical, which is by surgery,
= 2s a clinical-stage or pathologic stage, which is done after surgery.

cancers are categorized into five (5) stages, that is, stage zero (0) to stage four (IV), as

imted in Figure 2.2.

 STAGES = STAGEA4
tu_m_c.i[-'ljs._ ~ tumor spreads
5cm  tootherorgans

Saceo. . - JSTAGEY L
: ~ invasive tumor

Figure 2.2: Stages of Breast Cancer [37]
I Siage 0

s stage, the cancer is in situ or non-invasive thus inside the breast tissue ducts [36].
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* 2 Stage 1

==t cancer at this stage is described in two forms; stage IA and IB. Stage IA shows that the
2=r is invasive but small and it has not affected the lymph nodes. Stage IB shows that the cancer
Fected the lymph node. If the size falls within the range of greater than 0.2 mm but less than

2. then there is no tumour present [36].

Stage I1

== 11 breast cancer is also in two forms; stage IIA and IIB. In Stage IIA, the breast cancer has
= affected between 1 to 3 axillary nodes but not other distant body parts, or cancer has affected
==n 1 to 3 axillary lymph nodes with a size not bigger than 20 mm or cancer has not
asized to any axillary lymph nodes but the size is less than 50 mm and bigger than 20 mm.

== IIB, breast cancer affects between 1 to 3 axillary lymph nodes and it is less than 50 mm but

we=r than 20 mm or it has not spread to any axillary lymphoglandula but the size is bigger than

= [36].

= ' £ Stage 111

“ird stage is categorized into three stages: IITA, IIIB, and IIIC stages. In Stage IIIA, the breast
cer has either metastasized to about 1 to 3 axillary lymph nodes and is bigger than 50 mm, or
= affected between 4 to 9 axillary nodes only, or it has metastasized to the lymphonodus in the
mammary region.

“me= [11B, inflammatory breast cancer has occurred, that is, there is ulceration or inflammation
= Breast, or cancer has affected the chest wall. It might have metastasized into lymphoglandula,
=0t 1o other body parts, or it has affected as many as 9 axillary lymph nodes.

& Susge I1IC, it has not affected other body parts, but 10 or more axillary lymph nodes ha\(e been

F::za. which might not include the lymph nodes under the clavicle [36].
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L5 Stage IV
‘s stage, the cancer has metastasized to other body organs irrespective of size. It has affected

# chest wall, brain, lymph nodes, bones, and lungs, among others [36].

# Breast Cancer Diagnosing Techniques

“=agnosing the presence of breast lesions or lumps in the breast, the clinical practitioner employs

& or more of the following diagnosing techniques:

= ! X-Ray Mammography

#=y mammography is an imaging technique that is specially designed to image the breast. The
#astreceives a limited dose of ionizing radiation when capturing the inside picture of the breast.
&= technique presents the mammogram in a two-dimensional (2-D) form [38]. The images are

Swced In two views, that is, mediolateral oblique (MLO) and cranial-caudal (CC) views, as

sirated in Figure 2.3.

CC

Corpus mammae

Pectoralis major .
o e
muscle

Corpus mamma

—— ;
Crests of Duret A Chassaignac’s
bursa

Nipple-Areolar
complex

e i 2080

S 13- Image of a normal 2-D mammogram. MLO view (Lefi) and CC view (Right) of the
breast [39]
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+ = Sreast Ultrasound

&= ulirasound is another technique that can be used in taking internal images of the breast. It
& 2ot make use of ionizing or non-ionizing radiation in the capture of images. It makes use of
#oe which collects the sound waves that have been reflected by the breast tissue. The bounced
S waves are then reconstructed in real-time to form the image [12]. Ultrasound images are not
&= solely to diagnose breast cancer since most cancers and calcifications may not be visible.
s== Sough ultrasound is an excellent imaging tool, its inherent limitations make its usage a

Emi=mentary tool.

& = Srme=ast Magnetic Resonance Imaging (MRI)

& maging technique harnesses a robust magnetic field and computer-generated radio frequency
“=uzlize the internal structure of the breast. A contrast dye substance is introduced into the

B« vein prior to conducting the imaging procedure. This helps to identify abnormal tissues in

% w=ast as shown in Figure 2.5. MRI is a more sensitive imaging technique for breast cancer

Swsming compared to other methods. However, some cancers may be missed when MRI _is used

St may lead to false positives therefore it is not recommended for screening breast cancer by

B 42].

Figure 2.5: MRI image of the breast [43]
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&= Computed Tomography (CT) Scan

swted tomography uses X-rays to capture a precise image of the body. It takes multiple scans
"8 hody or organ of interest, and the computer is used to combine the scans to form the desired
Seu-sectional image. It produces a 3-D image of the organ of interest. However, unlike X-ray

Smmography, CT uses a higher dose of radiation to produce the image, as illustrated in Figure

5=
Right Breast o S 2 |
¥ uperior —-—__..___/
Lateral | - \ et
\ y | Posterior
Posterior Iﬂ!erim—.______> |
Transverse Sagittal \
Medial( :
Caoronal
S 2.6 Four-on-one synchronized cone-beam breast CT display showing transverse view (Top
S ugzirial view (Top Right), coronal view (Bottom Left), and 3D rendering (Bottom Right) [44]

£= 8 Scintimammography
S =ammography is a technique in nuclear medicine where radiotracers are employed. The
S mscer drug is injected, and it accumulates in the breast where it emits gamma rays, which are

Ss=t by the gamma camera. The amount of gamma rays emitted is used by the computer to

St the structure of the breast [45].
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aficial Intelligence (AI)

~=al intelligence (Al) is an area of computer science that deals with the use of a computer to
e reasoning functions of human beings to solve real-time problems. Al can be said to be
of computer modelling and simulation of human intelligent behaviors to solve real-world
=ess with minimal human involvement. In medicine, Al has been used either physically or
=l form. Robots and nanorobots have been used to assist clinicians in the performance of
¢ This type falls under the physicai use of Al. The virtual approach of Al is used in the
~=ment systems which help medical personnel make decisions about diagnosis and treatment

. s divided into seven (7) branches; machine learning (ML), natural language processing,

svstems, vision, speech, planning, and robotics. However, for this work, machine learning

learning is a subdivision of Al that employs probabilistic, statistical, and optimization
to autonomously enhance performance through training. It can be categorized as

“ve modeling, clustering, and reward-based learning as shown in Figure 2.7.

Seep learning
. machine learning
supervised ; (ML)

unsupervised
=nt extraction
classification
natural language
jpEansiation processing (NLP)

Artrfrcual Intellagence

generation LA (Al)

Lexpert systems ert systems 2
1 recognition
&—g—j_ T vision
machine vision
=p=ech to text
speech
‘ fext to speech
planning
robotics

Figure 2.7 Classification of Artificial Intelligence [47]
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sz 2 model using a labelled dataset allows it to learn and predict accurate outputs for new
data, this is known as predictive modeling. This approach is widely used to address
“cation and regression tasks. Conversely, clustering deals with training the model with an
=led dataset. Through this process, the model identifies patterns or structures within the data,
¢ similar data points. It finds common applications in clustering, anomaly detection, and
sionality reduction tasks. Lastly, reward-based learning revolves around the model's
»-making process based on feedback obtained from the environment. By leveraging a
function, the model learns to make choices that result in higher rewards while avoiding
= that lead to lower rewards. Reinforcement learning finds practical use in fields such as
s, game-playing, and autonomous vehicles [48]. Over the years, different Al techniques

2een developed and these include support vector machines as described in the sections to

Suapport Vector Machine

Vector Machines (SVMs) are a robust class of supervised learning algorithms used for
“iassification and regression tasks [49]. These models work by determining an optimal
“=om boundary, known as a hyperplane, that maximizes the margin between different classes
“raining data. A key advantage of SVMs is their ability to handle both linearly separable and
zarly separable data through kernel functions such as linear, polynomial, and radial basis
2 (RBF) kernels, which effectively traﬁsform input data into higher-dimensional spaces for
=d separation [50]. As supervised learning models, SVMs are based on statistical learning
soles, particularly structural risk minimization (SRM), which selects models by balancing

sexity against their ability to fit training data while maintaining strong generalization

ance without requiring extensive prior knowledge [51]. This makes SVMs paniéularly
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~efficient and effective in high-dimensional scenarios where the number of samples may
‘er than the number of features. Their strength lies in cases where class separation is
= and they have proven particularly valuable in applications like image analysis and
sng [52]. However, SVMs do have limitations, including computational inefficiency with
ztasets, reduced performance with overlapping or noisy data, and challenges when working
asets where the number of training examples is smaller than the number of features per

149].

e Bayes Networks

“\zive Bayes Networks are supervised types of machine learning which are based on
probability. These networks are widely used techniques for the analysis and
ation of certain ambiguities in the actual world. It is made up of a design that has one
=rved node and many observed nodes. It uses less data in training and its implementation is
“Scult. It can handle discrete and continuous data and can deal with binary problems. It
= predictions based on probability and features that are irrelevant do not affect it. These
= can be used in the prognosis of radiotherapy progression and cancer relapse, however,
ally less accurate. It is difficult and computationally intensive to apply this algorithm if

the features is a continuous variable such as time [48, 53].

- amificial Neural Networks (ANNs)

? sredictive learning algorithm that is centered on the theory of the nervous system and its
w=s=ng system operates like neurons. There is an interconnection of neurons or nodes which
woven in a manner to learn cooperatively to optimize the output. In ANNSs, there will be
layer, a hidden layer and an output. The input distributes its information to the hidden

ad will then make decisions after pattern recognitions or considerations based on previous
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. Iis decision-making improves as more and more decisions are made because it learns

, _ “ous input or data [54, 55] as depicted in Figure 2.8 below.

Input Layer

Hidden Layer Output Layer

Figure 2.8: Artificial Neural Network [56]

ﬁe employed in a wide range of tasks because it can be used to train large datasets and
- : ¥ flexible. However, ANN requires' extensive datasets for training since it is through that
: == its pattern recognition and decision-making. This will mean there will be a need for
ational power. ANN also requires careful treatment of the dataset; therefore,
1 or standardization techniques are used. An imbalanced dataset may influence the

: of patterns that are not realistic [57].

e olutional Neural Network (CNN)

_"i'a supervised type of machine learning that is composed of neurons with learnable
e = (weights); however, CNN is mostly used for pattern detection within images. It is more
: : ';‘.ir detecting features in images therefore, codes can be included in its architecture to
=cific features of images, thus reducing the parameters needed to set up the model. The

mecture consists of various layers. The input layer holds the image's pixel values, while
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stional layer computes neuron outputs. The pooling layer diminishes parameter count
» sampling. The fully connected layer produces class scores grounded on neuron
= Furthermore, the Rectified Linear Unit (ReLU) is utilized to bolster performance [54]
zated in Figure 2.9 below.

Fully
Connected

O.,.

Convolution

Feature Extraction Classification
Figure 2.9: CNN architecture [58]

»d =t classifying images that are similar in the dataset. Without data augmentation during
i = process, it becomes difficult for the CNN to identify images once there is some degree

i the image presentation. One other limitation is that it may take more time to train if

18
2

= =veral layers [59].

“smvolutional Neural Network (DCNN)

: sonal Neural Network (DCNN) is one of the types of supervised learning that has
== : ' e application in signal processing or in identifying patterns in images and videos.
3 ttworks having few to several convolutional layers are known as deep, therefore deep
= the method that is used to train systems to learn and perform their functions
w. A DCNN is an architecture that uses a three-dimensional (3-D) neural network in
: mg Input images received are used to train a system. It takes a set of weights to

_h‘qms several times and then use a filter in the case of three-dimensional (3-D) or a
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© = two-dimensional (2-D) structures from top to bottom and from left to right to cover all
s process is known as the multiplication process. During convolution, the filter applies

“2fs to various input values, producing a distinct output for each position [60, 61].

ision Trees

s

ion trees perform classification by the arrangement based on the values of characteristics,
tvpe that falls under supervised machine learning. Each node in the decision tree portrays
= in a case selected for classification, and the value that the node can assume represents
ch. Decision tree learning uses a predictive model approach that performs the plotting of
“oms concerning an object to obtain the target value of the object. ML and data mining are
= decision trees can be applied, and in data mining, it is used as classification tree and
tree. It can be used to forecast the presence of a tumour. As compared to other
=== decision trees are either at a pal or have better accuracy, and they are fast in constructing
- The limitation is that it is difficult to control the tree size, thus making it error-prone in

sampling and optimization is local instead of global which also makes it very unstable.

=dient Descent Algorithm (GDA)

is used to compute the partial derivative of a gradient or slope. It is an iterative method
s a cost function, By taking the negative of the derivative and reducing the coefficient
==p. each iteration coefficient is computed. This is done so that after a few :1terati0ns, a
“mum is achieved. Batch gradient descent (BGD), mini-batch gradient descent (mBGD),
. Suciastic gradient descent (SGD) are the three types under this method. Batch gradient
seoduces stable convergence and error gradients; however, its limitation is that it may
= ta= whole training dataset in memory, and it can produce a model with stable convergence

= 2w the best. SGD is faster for specific problem-solving than BGD. It improves with frequent
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“== however, it becomes computationally more expensive with frequent updates. mBGD is
=2 by merging BGD and SGD. It creates an equilibrium between the efficiency of the BGD

robustness of SGD. It is used mostly in deep learning and for training neural networks

ations of gradient descent are that it tries to optimize time by skipping the true local

= when the learning rate is excessive, yet it may exhibit non-convergence if it is too slow.

 the learning rate affects how fast which minimum is reached [27].

=arest Neighbour Algorithm (KNN)

M
| ~=ssification algorithm that has several classes from a group of data points. It is non-
- tecanse 1 A0S TOL assume any wnderiying data distiution. s a supervised tyge of
It is a straightforward and flexible classification method that can be implemented easily
250 able to handle huge datasets. In protein function prediction, it is knoyvn to have
wrmed the SVM. KNN can be used medically in the diagnosis of multiple diseasés with
- symptoms, detecting handwriting, feature similarity rating, video and image recognition
aost of other applications [27]. It is expensive in unknown record classification and as the

set increases, computation becomes intensive. It requires k-nearest neighbours for

=ton and it does not generalize on the training data. The accuracy of the region declines

zher dimensional dataset [27].

Wzans Clustering Algorithm

)

clustering algorithm is used for problems involving clusters. It results in tighter
% “han hierarchical clustering with a small k and a globular cluster. It is also more efficient
sarchical clustering computationally. It is an attractive algorithm since it is easy to apply

“miepeet the cluster results. It is an algorithm that can be used for customer segmentation,
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sification, and record details analysis, among others [27]. If there are differences in
2 size of the clusters of the input data, the performance is reduced. Even if input data
r = cluster size, it can produce clusters with comparatively unvarying sizes and thus

m effect [27].

l_ opagation Algorithm

: zgation algorithms are an efficient and simple way of computing gradients in neural
se types of algorithms fall under the supervised type of machine learning. This
1- be used with stochastic gradient descent because both algorithms are quite simple
: mn deep learning. It is an algorithm that is used widely in the industry, for handling
- many others [53]. The efficiency of the back propagation is affected when dealing
. targets. It takes a substantial amount of time and a large data set to train the neural
' ~work efficiently. The overall performance is impacted by every unit in the network and
are several hidden layers in the network, the complexity will increase when the units

- are unable to communicate with each other [53].

¢ C Means Algorithm

m assigns affiliation to each da‘;a point with respect to both cluster centers and data
e «closer the data is to the clustered data in the center, the more related the data is to the
. 2 the center, and the summation of each data point should equal one. It is a predictive
*mthm that clusters multidimensional data by assigning each data point membership

ser. It deals with a repetition of assigning points to the clusters and the calculation of

centers [62, 63].
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‘Enhancement
ancement refers to techniques aimed at increasing the clarity, visual quality, or
ity of an image, either to assist human observation or to optimize it for automated
sessing systems. The primary goal is to adjust certain aspects of an image to make it
ble for a specific purpose or observer. This involves altering one or more features of the
' the selection of attributes and the methods used to modify them being tailored to the
l “=sk at hand. Additionally, factors related to the observer, such as the human visual
_ = individual expertise, play a significant role in determining the approach to image
- introducing a level of subjectivity. Numerous techniques are available to enhance
s effectively without compromising their quality [64].
; e==s of converting an image f into a:r image g using T' is known as image enhancement. T
mmation that the image undergoes. In images, the values of pixels f and g are
_ 1 by r and s, respectively. The relationship between the pixel values r and s is expressed
: 21
- ---:: in equation 1 relates the pixel values r and s [65].

s=T(r) 2.1)
- .t‘ahle 7 is transformed into a pixel value s through transformation T'.
= i, frequency domain, and amalgamation of these approaches are the basic groups
= ‘"Imge-enhancing techniques are often separated [66]. Spatial domain techniqués such
- equalization, contrast stretching, and spatial filtering operate directly on the pixels of
Though these techniques are conceptually simple and computationally efficient, noise

mw=s enhanced with the signal [67]. Furthermore, hybrid strategies include aspects of each

2= on their unique benefits. Based on their use and the kind of image, these approaches
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“wer divided into four categories in the context of medical imaging, especially

v- conventional, region-based, feature-based, and fuzzy-based methods [66].

gram Equalization (HE)

ation (HE) handles how the image appears globally. The histogram shows how
are plotted against each intensity value. It provides information about an image's
and essentially reports the likelihood that a pixel with a single intensity will occur.
wenly spaced over the dynamic intensity range in HE techniques. In essence, HE
“meensity values over its dynamic intensity range after computing a linear cumulative
he sample. HE techniques can be grouped into two main types: Global HE and Local
e Global HE approaches, pixel values are adjusted using a mapping function derived
'ﬁy—level distribution of the entire image. In contrast, Local HE focuses on smaller
‘meighborhoods within the image, utilizing the intensity statistics of nearby pixels for
2. This method involves dividing the original image into smaller sub-blocks, typically
= or rectangular shapes. For each block, the histogram of the pixel intensities is calculated,
. ormation function, either histogram equalization or histogram specification, is applied.
.'ing all blocks, the final image is reconstructed by combining the enhanced sub-
wever, this process can introduce unwanted artifacts, which appear as visible boundaries

ities across the image [68].

ive Histogram Equalization (AHE)

Histogram Equalization (AHE) enhances image contrast by computing separate
s for multiple small regions (or tiles) of the image, rather than relying on a single global
as in traditional HE. This localized approach allows AHE to more effectively
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= mu=. mntensities based on regional intensity distributions, making it particularly

: »wing contrast in specific areas of the image. In medical imaging, such as dense
uc mssues, AHE has proven valuable for enhancing the visibility of subtle features
= which may be obscured in standard global equalization techniques. By tailoring

=nt 10 local content, AHE supports better visualization and potentially improves

=y [69].

Limited Adaptive Histogram Equalization (CLAHE)

=2 Adaptive Histogram Equalization (CLAHE) is an image enhancement method
rast in localized areas while controlling noise amplification. Unlike standard
=t0n, which applies contrast adjustments across the entire image, CLAHE works
2zl regions called tiles or sub-blocks. In each tile, CLAHE applies histogram
s=2 on the local intensity distribution. To avoid excessive contrast enhancement

i = moise, especially in uniformly textured areas, a contrast clipping threshold is
sping restricts the histogram's height before calculating the cumulative distribution
thereby minimizing the effect of extreme intensity values. Once all tiles are
method uses interpolation to blend adjacent tiles seamlessly, reducing the
sundaries and producing a visually coherent result. CLAHE has shown particular

we= = medical imaging applications like mammography, where enhancing local detail is

==ctng subtle abnormalities without introducing unwanted artifacts [70].

o

Techniques

. . = == =oproach used to improve or alter an image by applying a mathematical operation,
“wroush a filter or kernel, to the pixel values. This process is essential for tasks such as
ws=_=nhancing edges, sharpening or blurring images, and highlighting specific features.
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» involves moving a kernel across the image and calculating new pixel values based on

nding neighborhood, allowing for the enhancement or suppression of certain image

mstics [71].

Wedian filtering

ering is a nonlinear image enhancement method that updates each pixel by assigning it
» value from the surrounding pixel intensities within a defined neighborhood. This
= is especially effective at eliminating impulse noise, like "salt and pepper" noise, while
= the integrity of edges in the image. Compared to traditional linear filters, median

=rforms better in preserving important structural details when the image is affected by

[72, 73].

swssian filtering

Sltering is a commonly used linear method in image processing that helps smooth images
izes noise. It works by applying a Gaussian kernel over the image, where each pixel’s

=calculated as a weighted average of its neighbors, giving more influence to values near

; .' and less to those further away. This technique effectively reduces high-frequency noise,

m a softened image while preserving important features [74].

ssian function in one dimension and it is mathematically expressed as demonstrated in
22-

xz
G(x) = szt_afe'm 2.2)

mensions as illustrated in equation 2.3, the formula becomes:

x24y?

e zd? (2.3)

G(x,y) =

2ng?

somrrols the extent of the blur.
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' hy advantages of Gaussian filtering is its ability to allow the 2D convolution process
down into two 1D operations (horizontal and vertical), making computation more

' al filtering

=ring is an image-smoothing method that preserves edges while reducing noise,
: zintaining sharp details in the image. Unlike traditional filters that only consider
, bilateral filtering also take§ into account differences in pixel intensity. This dual
: enables the filter to smooth regions of similar color or brightness while maintaining
‘_ =s between distinct areas. The filter computes a new value for each pixel by applying
=rage of neighboring pixels. These weights are influenced by two factors: the spatial

= ween pixels and the similarity in their intensity values. Pixels that are both nearby and

r shiness have a greater influence on the result as shown in equation 2.4 [75].

Iriterea(x) = WipZyenI(Y) Ssllx =yl - fr (1) = 1D (2.4)

o

& = function that decreases with spatial scaling, fr reduces with intensity difference, and
ation term to ensure proper scaling.

Se= Enhancement

: msmg, edge enhancement refers to methods that highlight an image's borders,

. more pronounced and facilitating the identification of features and objects. The use

mdacian Filter and Unsharp Masking are two well-known techniques for edge
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i

¢ Zespite its misleading name, is a technique designed to sharpen images by

-ncy elements, such as edges and fine details. This method works by
== or smoothed version of the image from the original, which accentuates the
== them and enhances the edges. It is commonly employed in both photographic

7 %z w0 achieve sharper and more defined images [76].

s is 2 second-order differential operator used to detect areas of rapid intensity
. ==ctive for edge detection in images. By computing the second derivative of
i identifies regions where there is a sharp change in intensity. When applied,
znces edges and fine details, which can then be utilized for tasks like feature
2= segmentation. The lLaplacian is effective at detecting e&ges in all
- ==r._ due to its sensitivity to high-frequency components in the image, it is prone
Mathematically, the Laplacian operator is expressed in equation 2.5 as [77]:
Viy) =+ 2 (2.5)
jﬂd using convolution kernels in practical applications or to enhance the
is subtracted from the original image as illustrated in equation 2.6;
Ienhancea (%, Y) = lorigina (%, y) — k * V2I(x, ) (2.6)

factor.

ssorm-Based Enhancement
s=d image enhancement is a versatile and effective technique that utilizes the

—work of wavelets to refine image quality by selectively amplifying critical
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2 reducing noise. This method involves analyzing the image at multiple resolutions or
= bands, making it possible to enhance specific structures without altering the entire
'Ik input image is broken down into sub-bands representing different frequency
w=rs. This multilevel decomposition separates fine details, such as edges and textures, from
'hw-frequency regions of the image. Enhancement is performed by adjusting the
=ficients in each sub-band. Enhancing high-frequency components highlights fine
i edges while tuning low-frequency bands improves overall brightness and contrast.
=sired adjustments are made in the wavelet domain, the image is reconstructed using

== wavelet transform. This process integrates the enhanced features into a final image that

wroved visual quality while minimizing noise [77, 78].

=matical Morphology

' 2 " morphology is a framework in image processing that focuses on the analysis and
on of object structures within an image, drawing upon principles from set theory, lattice
2 topology. It plays a vital role in enhancing images by enabling the extraction of
shape-related features. Fundamental morphological operations such as dilation,
- “pening, and closing are performed using a structuring element, which interacts with
==ons to highlight or suppress specific geometric characteristics. The mathematical
can be utilized to remove noise, detect edges, segment objects, and enhance the shape

W€ an object [77, 79].

rithmic and Power Law (Gamma) Transformations
ic and power-law transformations are widely used techniques in image enhancement
2 “mproving contrast and expanding or compressing the dynamic range of an image. These

== mr= especially beneficial for highlighting details in images with low contrast or uneven
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Logarithmic transformation applies a logarithmic function to pixel values, effectively
<ark regions while compressing brighter areas, making it useful for enhancing low-
ils. Mathematically, expressed in equation 2.7 as [77]:

s=c-log(1+1) 2.7
: 5 are the original and transformed pixel intensities, respectively. c¢ is the scale
contrast, power-law transformation, commonly referred to as gamma correction,
zze brightness and contrast by raising each pixel value to a specified power. This
= often employed to compensate for the nonlinear characteristics of display systems.
w transformation can be defined as shown in equation 2.8 [77]:
s=cry (2.8)

= gamma value, which controls the degree of transformation.

_=aming-Based Enhancement

2 techniques for image enhancement utilize advanced neural network architectures to
sv enhance image quality. Unlike conventional approaches relying on predeﬁned
these models train on extensive datasets containing pairs of low-quality and high-
z=s. They effectively address diverse forms of image degradation such as noise, blur,
s and inadequate lighting. Convolutional Neural Networks (CNNs) excel in capturing
=s. making them pivotal in image enhancement tasks [80]. Generative Adversarial
5ANs) feature a generator for image enhancement and a discriminator to evaluate
= highly effective in realistic image enhancement scenarios [81]. Autoencoders are
image compression and reconstrﬁction, commonly applied in tasks like dénoising and
=on [82]. U-Net, a specialized CNN architecture with skip connections, is extensively

. r mm=ge restoration and enhancement tasks [83]. Image enhancement encompasses
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=tions such as super-resolution to enhance image resolution [84], denoising for noise
preserving details, low-light enhancement to improve visibility in poorly lit
ing to restore sharpness in blurred images, and colorization to add color to

[85].

+ Theory-Based Method

» is a model of human color perception that explains how the visual system separates
‘zhting conditions) from reflectance (intrinsic properties of objects) to perceive
consistently under varying lighting conditions. Retinex-based methods are
= image enhancement to improve contrast, correct color distortions, and restore
wees affected by uneven lighting or poor visibility. These methods are particularly
olications such as low-light enhancement, high dynamic range (HDR) imaging, and

g [77, 86].

ale Retinex (SSR)
the reflectance, the SSR divides the original picture by the estimated illumination
= Gaussian filter to estimate the illumination component. The SSR enhance.s local
me is efficient computationally. Mathematically, the SSR can be expressed as shown in
#and 2.10 [86]:

R(x,y) = exp (log(:; (x,3)) = log(L(x,3))) o (29)
olving I(x,y) with a Gaussian kernel, L(x, y) is obtained.

L(x,y) =1(x,y) *G(x,y) (2.10)
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Retinex (MSR)
results of SSR at multiple scales to improve contrast and reduce artifacts. MSR
2cts and improves contrast and color fidelity; however, it is computationally more
ison with SSR as expressed in equation 2.11 [86].

Rusr(x,y) = ZiLyw; * Ri(%,7) @l
= obtained from SSR at scale i is R;(x, ), w; is the weight for the scale, and N

i scales.

Retinex with Color Restoration (MSRCR)

-5 incorporating color restoration to preserve natural colors. It preserves natural
wces contrast and details effectively. However, MSRCR requires careful
J =s illustrated in equations 2.12 and 2.13 [86].

Rusrcr(%,y) = C(x,¥) - Rysg(x,y) | (2.12)

s the color restoration function:

o o L1y
C(x,y) =a-log (A e 1) LS

1 constant, A is the nonlinearity constant, and /. (x, y) is the intensity of the

Diffusion

sion is a nonlinear approach in image enhancement that aims to reduce noise
important structural features such as edges. In contrast to linear filtering
Szussian blurring, which apply uniform smoothing across the image, anisotropic
fimpes the smoothing process based on local image characteristics. It promotes diffusion

=f =imilar intensity while inhibiting it across edges, making it especially effective
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st =5 medical imaging, where preserving anatomical boundaries and fine details is

of the Strengths and Drawbacks of the Various Image Enhancement Methods

of the strengths and limitations of various image enhancement methods,

ventional techniques and deep learning-based approaches, is presented, as shown

- Swmmary of Advantages and Limitations of Image Enhancement Techniques

Advantages Limitation
Fast, no prior knowledge Over-enhancement, unnatural
results

Simple, denoising Blurring, detail loss
Highlights details Noise amplification
Multi-scale, denoising Computationally intensive
Shape preservation Limited to specific cases
Brightness/contrast tuning Needs parameter tuning
Versatile, high-quality Noise/artifacts

sion  Edge-preserving smoothing Complex, parameter-sensitive

_ Cap from Literature

“ant progress in image enhancement of mammograms in breast cancer diagnosis,
s sull face notable limitations that underscore critical research gaps. Traditional
2= Slhering, AHE, wavelet-based, and retinex-based approaches are comi)utationally
=5en struggle with complex and non-uniform noise. These methods may also
artifacts, unnatural colour shifts, or failure to preserve high-frequency details,

“mages with large-scale variation or uneven illumination, issues that can critically
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wisibility of subtle diagnostic features in mammograms. Deep learning-based
= demonstrated higher potential in enhancing image quality. However, their
option is often hindered by the requirement for large labeled datasets, high
& costs, and limited generalization across diverse imaging conditions. These models
>-optimally when applied to unseen domains or modalities, such as mammograms
s densities, without extensive retraining. Moreover, real-world medical images
a combination of degradations, including noise, low contrast, and structural
'_ =xisting methods are not fully equipped to address simultaneously. These gaps
for adaptive and robust image enhancement frameworks tailored to the unique
sal imaging. Where the ac‘curate visualization of lesions is crucial, there is a
models that can enhance image quality while preserving clinically relevant
there is a need to design algorithms that overcome the shortcomings of both

ter deep learning-based techniques by offering;

e enhancement, leveraging generative models that adapt to the structural and
cteristics of mammograms,

generalization, potentially through techniques like transfer learning and
=d fine-tuning, and,

#nd real-time performance by optimizing model architecture for clinical

= \=ading cause of mortality among women globally, requires early detection for

The burden is particularly high in Sub-Saharan Africa, where incidence and

39



mmes are rising rapidly. Late-stage diagnosis remains a significant challenge, contributing
v rates. The WHO seeks to decrease breast cancer death rates by encouraging early
ensuring thorough treatment and care. Diagnostic methods such as X-ray
. breast tomosynthesis, ultrasound, MRI, and CT scans are widely used, but face
false positives, false negatives, and reliance on radiologist interpretation.

=+ machine learning techniques such as SVM, CNNs, and DCNNSs, has shown
oving diagnostic accuracy by automating image analysis and reducing human
these methods often require huge datasets and significant comput.ational
i may struggle with generalization across diverse imaging conditions. Image
“=chniques, including histogram-based methods, filtering, edge enhancement, and
s=d approaches, play a criticél role in improving the quality of medical images for
= traditional methods like AHE and wavelet transforms are computationally
= often introduce artifacts or inadequately preserve fine structural details. Deep
S='=_though versatile and effectiye, face limitations such as high computational costs
extensive labeled datasets. The chapter identifies a significant reséarch' gap in
=. robust frameworks that can enhance image quality while preserving clinically
particularly in mammography. Addressing these challenges is essential for

cancer diagnosis and improving patient outcomes.

40



Chapter 3: Materials and Methods

ines the framework employed to achieve each specific objective. The research
s=1 in a manner that was most suitable to achieve the research objectives and
= duplication by other researchers. The chapter described the methods used to
af the research a reality. Section 3.2 discussed the research philosophy, design
3.3, section 3.4 discussed data collection and algorithm development, section
results reporting, ethical measures were discussed in section 3.6 and a summary

m section 3.7.

sophy
\=sophy outlines the underlying beliefs and assumptions that guide the research
employed pragmatic and empirical research methodology, with a fdcus on
sns that are both clinically useful and scientifically sound. This approach aligns
which prioritizes practical outcomes and the application of knowledge to solve
[87]. It recognizes that while computationally effective, conventional' image
sctmiques like AHE and wavelet transform methods frequently fall short in
= noise patterns and structural irregularities found in actual medical images,
. These limitations highlight the inadequacy of conventional approaches
znostically important feaﬁres and motivate the need for more a&aptive and
- models. The research also incorporates elements of empiricism as it relies on
-imentation, quantitative evaluation, and validation through actual medical
The emphasis on improving generalization, preserving diagnostic features, and

cimical integration demonstrates a commitment to evidence-based and data-driven
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. "= zpproach remains grounded in objective evaluation through quantitative

zssessment but is also responsive to the nuanced demands of clinical

st cancer screening contexts [88].

philosophy adopted, which is pragmatism and empiricism, the design
#mproach was employed as illustrated in Figure 3.1. This approach deals with
% wsing new technologies. It was used to identify and understand the problem,
= solutions, and effectively evaluate the new solution. This provided an

mew ways to solve problems [89].

Knowledge Process Theory construction
Flows Steps opportunities
—_— Potential origins of abduction or induction in
= 3 Awareness of empirical data and similar cases acrossan
Problem organization.
: Entry of theory; potential for deduction,
Suggestion triangulation of perspectives from multiple,
similar cases; abduction from multiple similar
Circumscription ﬂ cases.
e i~ Development Beginnings of data gathering. Reflection on
P progress can yield refinement of earlier conclusions,
search for new explanatory knowledge. Codification
. I ! of design knowledge can begin.
€—— Evaluation Artifact performance data becomes available.
Further refinement of earlier hypotheses inclnding
*Ogeration and tentative meta-design
goal knowledge
Final codification of 1ISDT and DREPT formalisms.
Conclusion Anomalous results noted and categorized for

future work.
Figure 3.1: Design Science Methodology [90]
2= Problem and Suggestion

si=ps in design science methodology and thus for this research, a search was

= zvailable published literature on the use of artificial intelligence in the
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= cancer. The search criteria included peer-reviewed journals published in
FubMed, Google Scholar, ScienceDirect, Scopus and IEEE from the year 2008
. W of fifieen (15) years. The data was then be analyzed with PRISMA which is an
zlational mapping tool. The search however excluded the application of Al in
T cancer using other imaging techniques such as magnetic resonance imaging,
puted tomography (CT) scans. This therefore led us to achieving objective one
22 the extent to which artificial intelligence has been adopted in breast cancer
ciassification from x-ray mammograms. The search criteria involved three (3)

Arificial Intelligence, Mammograms and Breast Cancer Diagnosis.

of Phase

phase, objective 2 was achieved through the design and development of novel
the accurate diagnosis and classification of breast cancer from X-ray
artificial intelligence model development life cycle by Sarajcev et al.( 2022)
ation, model building, ‘model training and tuning, model deployment and

as illustrated in Figure 3.2 [91].
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eaning, features
engineering, transformations.,
splitting.

training &tuning
Hyperparameters
optimization and model
calibration.

Moded deploy

Madel dej
productio

Model management

Detecting problems with
madel perforrmance

Figure 3.2: Artificial Intelligence Model Life-Cycle [91]

= began with the acquisition of mammographic data. The mammographic data was
zn opened-source database called Curated Breast Imaging Subset of the Digital
for Screening Mamrhography (CBIS-DDSM), available at
wzle com/datasets/awsaf49/cbis-ddsm-breast-cancer-image-dataset. This dataset
images classified as 3,700 normal and 3,075 abnormal. The cleaning of the data
s=moval of noise, dealing with.‘missing values, normalization and scaling to ensure
22 2 common scale. Labelling data and splitting training, validation and test sets was
e help of expert radiologists. Features from areas of interest from the data were
sormalized to put them on a common scale, data was augmented to generate
sming data which were split into training and testing datasets. This process followed
p=ssing pipeline.

Zing process involved the selection of an Al model and configuring its architecture

mose. There are different types of Al models such as SVM, CNN, and DCNN, among

s=search showed that CNN is the most common algorithm that is often employed
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specific model was selected, the architectural design and parameters of the model
%22 10 control the behaviour of the model. The model was then trained with the training

swuive two was achieved after the model had been trained.

and validation

= was evaluated to ensure that it was performing as designed. The model was
on architecture, performance, methodological innovation and processing time.
2lso evaluated by benchmarking the performance with another dataset. The binary
ion matrix was be used to determine the accuracy, sensitivity, specificity,

Receiver Operating Characteristics (ROC) curve as illustrated in Figure 3.3.

True Class
Positive Negative
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o >
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Figure 3.3: Binary Classification Confusion Matrix [93]
- classification; True Positive (TP) reflected that the model accurately identified

s when the true class was indeed positive, and False Negative (FN) signified that
labelled the negative class when the true class was actually positive, False

=c that the model erroneously predicted the positive class when the true class



negative and True Negative (TN) also demonstrated that the model accurately
= negative class when the true class was indeed negative [93].
~srovided the overall assessment of the model’s performance and thus assessed the

—=ctness. It was determined as the fraction of the total number of correct predictions to

wmber of predictions made, as shown in equation 3.1 [93].

(TP+TN)
(TP+ TN+ FP+ FN) CRY

Accuracy =

* =s illustrated in equation 3.2, quantified the capability of the model to accurately
sstive instances and it was the ratio of TP to the sum of TP and FN [93].

(3.2)

PR -
Sensitivity = TPFN)
~easured the ability of the model to classify negative instances correctly and it was the

= of TN to the sum of TN and FP as expressed in equation 3.3 [93].

L T
Specificity = (mfpp) (3.3)

" Curve offers a visual representation of a classifier's performance across different

semings. It plots the true positive rate against the false positive rate as the decision

anges [93].

ion and Algorithm Development

Collection

s=rch. experimental analysis was conducted using the CBIS-DDSM database. CBIS-
= 2= open-resource mammogram database. This dataset is a revised iteration of the

ing 2620 mammograms meticulously examined and annotated by radiologists

=== com/datasets/awsaf49/cbis-ddsm-breast-cancer-image-dataset
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e Seld [94]. From the CBIS-DDSM dataset, a total of 1314 images were

=2 benign and malignant images from either MLO or CC breast scans.

Ewslopment

the algorithms was d01‘1e using Python software that was implemented on
Also image pipeline approach was used for the development of the
iows 11 computer with a 4 GHz processor and 8 GB of RAM was used for

Al algorithms.

2nd Validation

sion matrix described in section 3.4.1, model performances were compared
and state-of-the-art available models. Furthermore the computational time
. : =valuated to inform deplorability in local settings and within the available

resource constrained settings.

- were shared both during and following the testing and analysis. Journals,
== and workshops/forums all published the findings. Also, progressive
e 20 my supervisors and to the Directorate of Graduate Research and Training
: Umiversity of Science and Technology (MUST) for guidance and progressive
| 2 PhD thesis was corflpiled and submitted for both internal and external

_ and there will be a public defense once the submitted thesis is cleared.

=c2=d to behave in a way that is particularly factual to everybody whose

125]. In this regard, all the stakeholders were aware of this study and the
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~==asons behind it. The researcher sought permission and clearances from relevant
= Uganda. These include the MUST research ethics committee (MUST-REC) and the

2al Council of Science and Technology (UNCST).

Sammary

* Siscussed the methods and materials required for the successful completion of this
adopted a pragmatism and empiricism research philosophy since it was guided
we=d research objectives in Chapter 1. This work adapted a design science research
ows for the creation of new knowledge through the design of innovative algorithms
sis of the performance and evaluation of the algorithms. This investigation was
3 years. Data for validation of the developed algorithms were obtained from
»ie open resource database. The implemented algorithms were based on an image
ine and implemented on Python software. The results from the study were made
form of open-access journal publications, conference proceedings, and workshop
compilation of the results is this thesis, which is to be examined and then defended
ween cleared. Finally, ethical considerations were considered at all the stages of this

sroved by the MUST-REC, and UNCST.
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& Review of AI Application in Breast Cancer Diagnosis

“. acvancements in breast cancer detection via mammography (2008-2023),
i=z models that achieve over 99% accuracy. While promising, challenges
z=neralizability, and lack of clinical interpretability hinder real-world
== covers five key areas: (1) algorithm development, (2) data quality, (3)
==tormance validation, and (5) clinical integration. Emerging solutions like
: %S s=lf-supervised training are explored to address current limitations. The

- insights to bridge the gap between research and clinical practice in Al-
' = Diagnosis
= A1) has revolutionized breast cancer diagnosis by enhancing the accuracy
mme methods. Macﬁine learning algorithms, particularly deep learning
“onal neural networks (CNNs), have demonstrated exceptional
sme mammograms, ultrasounds, and histopathological images [96]. These
patierns indicative of malignant lesions, often surpassing radiologists
smz false negatives [97]. Additionally, Al-powered tools a;sist in risk
= clinical, genomic, and imaging data, enabling personalized diagnostic
B sfvancements are critical in early detection, where timely intervention
: Bent outcomes.
: . =plementation in breast cancer diagnosis faces challenges, inéluding

v issues, and regulatory hurdles. Most Al models are trained on

smecific populations, limiting generalizability to diverse demographic
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Explainable AI (XAI) techniques, such as attention maps and Shapley Additive
= (SHAP), are being developed to improve transparency in decision-making [100].
= regulatory frameworks must evolve to ensure Al tools meet clinical standards before
=doption [101]. Ongoing collaboration between clinicians, data scientists, and

== is essential to address these barriers and harness AI’s full potential in oncology.

zed the use of Al techniques in the diagnosis and classification of breast lesions
xmograms covering a 15-year period from 2008 to 2023. The survey involved an
al and conference papers obtained electronically from four reputable scientific
es, namely, Google Scholar, PubMed, Scopus, and IEEE. A PRISMA
2s indicated in Figure 4.1 was used. The search keywords used were aﬁiﬁcial

ammogram, and breast cancer diagnosis.

Number of Records retrieved:

i

Number remaining after « Google Scholar (n=50,500)
duplicates removal « PubMed (n=1831)
(n=36,711) « Scopus (n=1107)
« IEEE (n=73)
Number excluded
— h 4 (n=36,411)
Mumber screened by title and Reasons:
(m%) J ) i » Not about breast cancer
- . « Not a diagnostic study
« Not a peer-reviewed paper
Number excluded
(n=250)
Reasons:

[“er assessed by full lexi]

(n=300) « Ineligible image type

« Data inaccessibility

/
[

Y

r included in
review
(n=50)

Figure 4.1: PRISMA Flow Diagram of Method
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h Questions

- review entails analyzing evidence about specific research questions utilizing a
roach to consolidate research findings aligned with a comprehensive study design
- objective of this review was to ascertain the application of artificial intelligence
diagnosing and classifying breast cancer via X-ray mammography based on the

specific research questions. The research questions and motivations are detailed in

Table 4.1: Research Questions and Motivations

Research Questions

Motivations

What are the existing Al techniques used in

Zizgnosis and classification of breast cancer?

Summarize the available AI methods used in

breast cancer diagnosis and classification

“What are the types of datasets used in the

wzlidation of models?

Identify the types of datasets used for model

validation.

“What are the types of segmentation techniques

employed?

Show the segmentation techniques utilized and

their advantages and limitations

“What matrices are used to appraise the designed

Al models

Identify the commonly used metrics to validate Al

models

“ow are emerging Al techniques, such as

amsformer models, federated learning, self-
smervised learning and explainable Al being

=molizd in breast cancer analysis?

Explore how recent advancements in Al can
transform diagnostic, segmentation, and privacy-
aware modeling techniques in breast cancer

research,

znd Exclusion Criteria

51

"= focused on original research studies involving Al applications for breast cancer

=-rzy mammograms that reported quantitative performance metrics such as

.and AUC. Non-Al computer-aided diagnosis systems were excluded.



v quality, the QUADAS-2 tool was adopted to ensure data reliability and
Specific inclusion and exclusion criteria were used to select journals and articles.

=ria were based on the specific research question presented in Table 4.2.

Table 4.2: Inclusion and Exclusion Criteria

Exclusion

=rs published between 2008 to Research papers published before 2008 and in 2024

articles from journals and Non-peer reviewed articles

¢ Al on X-ray mammograms for Application of other imaging techniques for the diagnosis

3 classification of breast cancer  and classification of breast cancer.

© 35,711 search results, 50 articles were carefully selected for an in-depth review,
%= specific scope of this paper. The search criterion excluded studies centered on
. o anificial intelligence, machine learning, or deep learning for breast cancer

alternative imaging techniques. Moreover, we excluded articles that lacked

= =uch as accuracy, sensitivity, specificity, or validity.

- Existing Literature on the Application of Artificial Intelligence for Breast
is and Classification

123) employed a region-based segmentation method and classified mammograms
The DCNN model achieved 93% accuracy, 93.86% specificity and 93.83%
=vzluation on the INbreast dataset [103].

23) devised a deep learning hybrid technique using Inception-V3, ResNet-50

zuick and precise classification of mammograms. The hybrid model was assessed
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==t and achieved average classification accuracies of 97.81%, 98% and 100% for

. respectively, of the training datasets [104].

sroposed a multitask deep learning framework using a graph convolutional neural

. for the characterization of both the morphology and microcalcification of

private and DDSM datasets. The model statistically demonstrated significant

: Saseline models [105]. |

21023) presented a neural network model to detect and classify microcalcifications

on a private dataset. The experimental results demonstrated that AlexNet,

sNet34 achieved 98%, 96%, and 97% sensitivity, respectively, for detection and

sensitivity, respectively, for classification [106] on a private dataset.

2023) developed a framework using the Archimedes optimization algorithm with

mass classification. Evaluation of the model on the MIAS dataset achieved

v 0f 96.48% [107].

~ 2023) exploited the use of patch size and image resolution in the classiﬁcétion of
=ng multiscale deep learning, the model achieved 80.9% and 72.2% accuracy on

7 znd private datasets, respectively [108].

_ Gevised an autonomous breast cancer diagnostic system using a combination of

== learning techniques on the DDSM dataset. The proposed system achieved

3 80.03% accuracy, sensitivity and specificity, respectively [109].

1 2022) employed CLAHE and histogram intensity windowing (HIW) techniques

= quality of mammograms. Classification of the mammograms was performed

= which achieved 62% accuracy on the Mini-MIAS dataset [110].
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et al. (2022) presented an adaptive transfer learning DCNN model to discriminate
ifications in mammography images from the TCIA database. The end-to-end machine
model preprocessed the mammograms to remove artifacts and noise and then classified
alcifications with ResNet50, achieving the 97.58% highest accuracy on the CBIS-
dataset [15].

etal. (2022) devised an approach to automatically segment and categorize breast masses.
tal results on a private dataset using neural networks achieved mass detection and
ion accuracies of 99.9% and 98%, respectively [111].

i and Gouda (2022) devised a transfer learning algorithm to detect breast cancer. The
’s performance was assessed on the MIAS dataset, and 89.5% accuracy was achieved
Net 50, while 70% accuracy was achieved using the Nasnet-Mobile network [1 12].

=t al. (2022) proposed a logistic regression and principal component analysis (LR-PCA)
%o diagnose breast lesions. CLAHE and pixelwise intensity adjustment were used for
ing. The output was fed into the CNN backbone, and LR-PCA was employed for
ion. The model was benchmarked using the INbreast and mini-MIAS datasets and
accuracies of 98.60% and 98.80%, respectively [113].

et al. (2022) developed a DCNN for the diagnosis, localization and categorization of
i the breast. The model was assessedl on MIAS datasets and a private dataset and achieved
s, and 99% training accuracy, test accuracy and sensitivity, respectively [114].

12022) devised a method to optimize breast cancer diagnosis via the use of the water strider

on mammograms. The experimental results demonstrated that the model achieved

accuracy and 96.02% sensitivity on the DDSM dataset [115].
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et al. (2022) developed an integrated framework using a stacked ensemble of residual

actworks to diagnose and classify mammograms. The integrated system obtained an

. sensitivity and specificity of 95.13%, 93% and 97%, 99.2%, 100% and 98%, and

«. 93% and 97% on the CBIS-DDSM, INbreast, and private datasets, respectively [94].

al. (2021) devised an algorithm for breast cancer diagnosis and categorization. The model

ted using the MIAS and achieved the highest performance measures of 98.96%, 97.83%

13% for accuracy, sensitivity and specificity, respectively, using the 80-20 cross-validation

[116].

1a et al. (2021) devised a hybrid modified visual geometry group (MVGG) and ImageNet

to detect breast cancer. The hybrid model achieved an accuracy of 94.3% and
ed other CNNs on the MIAS dataset [26].

etal. (2021) devised a computer vision-based framework for microcalcification detection
ograms using a fully connected depthwise separable CNN. The experimental results on
NUM dataset achieved 90%, 99%, and 82% accuracy, sensitivity and specificity,
ively, and the model on the DDSM dataset obtained 87%, 97%, and 83% accuracy,
ity and specificity, respectively [117].

=t al. (2021) proposed an algorithm using a multi-DCNN to diagnose breast cancer. The
achieved accuracies of 97.9% and 97.4% on the CBIS-DDSM and MIAS datasets,
avely [118].

et al. (2021) presented an algorithm for classifying mammograms using an SVM and
Learning-Inspired Ensemble Classifier (ELiEC). ELiEC outperformed SVM by

ing the accuracy from 78% to 80% on the DDSM dataset. [119].
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~_ devised a model to segment and categorize mammographic images. The model
.: the DDSM dataset and achieved 97%, 99% and 83% accuracy, specificity and
pectively [120].

developed a neural network to segment and categorize breast lesions. The model
accuracy of 80% when evaluated on the INBreast and private datasets [121].

: 12020) devised a novel model to detect and classify breast microcalcifications.
on a private dataset showed an improvement from 91.42% to 99.55% [122].
J) presented an algorithm to classify breast lesions in two stages using a CNN.
= was benchmarked on the DDSM dataset and measured 94.92%, 96.52%, and
, sensitivity and AUC, respectively, for normal and abnormal categorization.
malignant lesions, 95.24%, 96.11% and 95.03% accuracy, sensitivity and AUC,
= achieved [123].

& Dheeba (2020) used a core vector machine (CVM) framework to detect breast
dataset. The classification was achieved with the CVM, and the experimental
- 95.89% and 96.9% accuracy and sensitivity, respectively [124].

:j 12020) developed a framewofk using an integrated CAD system for the detection
wiom of breast cancer. Evaluated results on the DDSM and INbreast datasets achieved
es 0f 99.1% and 97.27%, respectively [125].

12020) employed an automated system using a CNN for breast mass segmentation

=ms. The model achieved an overall accuracy of 92.6% on the INbreast, CBIS-

2-01 datasets [126].
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7_ ' 2020) employed augmentation techniques for the detection and classification of
= via mammograms. The model was classified using modified AlexNet on the

= an accuracy of 95.70% was obtained [127].

=) devised amachine learning technique to classify mammograms. The model was
=2IS-DDSM database and achieved an AUC of 0.932 for mass and calcification,

= malignant lesions and 0.93 for normal and abnormal lesions [128j.

19) devised an algorithm to detect and classify breast masses. Extensive
wmed using images from the Senographe 2000D all-digital mammography
-' “etier mass detection on a 5-fold cross-validation system [129].

=) developed a system to classify breast tumors. A DCNN was used to extract
=m achieved 87.2% and 94% accuracy and AUC, respectively, using samples
, CBIS-DDSM dataset [130].

w=m (2019) employed a CNN for breast cancer mass detection. ResNet-50 was
. and a class activation map (CAM) was used for localization. Experimental
A\ dataset showed 99.8% sensitivity and 82.1% specificity [131].

—119) devised a computer-aided diagnosis system to facilitate breast cancer
.SVM for the classification 6f mammograms. The system was evaluated on the
5t achieved 94.4% and 91.3% sensitivity and specificity, respectively [132].

used deep learning and handcrafted descriptors for the detection of
s i mammograms. The experimental results on two private datasets achieved a

§ v=cision of 86.89% and 89.32%, respectively [133].
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0 18) utilized a quantized and nonlinear cellular neural network (CeNN) for breast

:ation. The model achieved a performance accuracy of 95.01% on the DDSM dataset

£ Gladston (2018) presented a framework to automatically detect lesions from
o s using a feed-forward artificial neural network classifier (FFANN). Experimental
_k Mini-MIAS dataset achieved 96%, 83% and 98% accuracy, sensitivity and
sspectively [135]. ‘

l 12018) devised a machine-learning framework using a CNN framework for the
=ast cancer on mammograms. The model was evaluated on the MIAS dataset and
acy of 65% [136].

(2018) used a DCNN model to aid radiologists in classifying breast mass lésions.
I s zssessed on the MIAS database and achieved a better performance accuracy of
AUC of 99% [137].

12018) employed an approach to simultaneously detect and classify breast lesions.
= benchmarked on the DDSM dataset, and overall accuracies of 99.7% and 97.0%
i_ Sor mass location and classification, respectively [138].

' 2018) designed a fully integrated CAD system for the detection, segmentation
of mammograms using a deep learning-based CNN. The model was
“he [Nbreast dataset and achieved an accuracy of 95.64% [139].

wsed 2 CNN model to diagnose breast cancer. The model was evaluated and

2md 82.43% AUC and accuracy, respectively, on labeled and unlabeled data
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” 2017) designed a machine learning system using deep residual neural networks to
2 malignant mammograms. The model was assessed on the INbreast dataset and
0f0.80 [141].

& (2017) used hybrid wa;velet features to classify microcalcifications in
7 ~“ssessment of the model on the MIAS dataset obtained first- and second-stage
. 29%% and 100%, respectively [142].

12016) devised a computer-based algorithm to classify breast abnormalities. The
rarked on the MIAS dataset and achieved an improvement in accuracy from
2 [143].

: = presented a framework for categorizing breast cancer from mammograms. The
7 = achieved 98.0% and 94.2% accuracy on the MIAS dataset and 98.8% and
' o= the DDSM dataset for breast cancer categorization [144].

s Zevised two automated frameworks for breast mass diagnosis and classification
- model was evaluated on the MIAS and DDSM datasets, and the sensitivity,
mracy of the models were 96.87%, 95.94% and 96.47%, respectively [145].

ceveloped a framework to detect breast abnormalities. The experimental

' 57%5. 92.105% and 96.853% sensitivity and specificity, respectively, for

smed from mammogram screening centers. The model also achieved an area

of 0.96853 [146].
= presented a multiresolution representation framework for breast cancer

=nial results obtained using the wavelet coefficient achieved 95.84%

wersus abnormal lesions and 96.56% accuracy for lesion classification,
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l'meiet coefficient, the.model achieved 95.98% accuracy for normal and
& 7.30% accuracy for lesion classification on the MIAS dataset [147].
. \2011) proposed a system for diagnosing breast cancer from digital
‘ »2=1 correspondingly had an overall accuracy of 100% for normal tissue and
[148].
2009 presented a tumor detection model for breast cancer detection. The
= ==anced using Gaussian smoothing and top-hat filtering. Segmentation was
widing, and classification was performed via SVM. The model was assessed
=s=1 and achieved 88.75% sensitivity [149].
Discussions
swer specific questions relating to the application of Al the type of datasets
o2 matrices used in th‘e classification model assessment.
sw=zled a diverse range of Al techniques, from transfer learning and deep
methods and hybrid techniques, which combine multiple architectures for

These models showed encouraging proficiencies with high accuracy and

v

- = =nd classifying mammogram abnormalities, such as microcalcifications,
. Ak sough most studies have shown promising performance metrics, including
specificity and area under the curve (AUC), it was important to take into
- warizbility and the methodologies and validation techniques employed,

=2 the findings and tendency to make generalizations. It was also important

= such as bias and how bias was minimized in these promising models.
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» and usage

Ewezled that researchers uséd open, private or a combination of open and private
2on of developed models.

“aded the CBIS-DDSM, MIAS (mammographic image analysis syndrome)
= These datasets are publicly available worldwide, fostering collaboration
- “%¢ open datasets contain a large collection of mammography imagcs with
@iata other than patient data. These datasets contain information on different

~such as calcifications, architectural distortions and masses which helps in the

of Al models, which can be used as standard benchmarks for evaluating
‘seorithms.

e ¥ datasets are generated from medical institutions or hospitals and may
- of clinical metadata, including patient data. These datasets have restricted
: s=zulatory and privacy concerns and allow only researchers with access to
== of the algorithms, thus limiting generalization. The selection of the type

Z=velopment of Al models influences the evaluation and generalizability of

of the researchers, such as Rahman et al. (2023), Elkorany et al. (2023),
- 270 Khamparia et al. (2021), Zhang et al. (2020) and Wang et al. (2019),
simzle datasets, which were obtained from either open resource datasets or
Z==seis. These researchers opted for single dataset because it enabled
- conditions, benchmarking and comparability [150, 151]. Aithou'gh this
wzrd for assessing model performance, it may lack generalizability due to
data, as noted by Harrington et al. (2018) [152]. Twenty percent of

r
&= = combination of open resource datasets and proprietary/private datasets
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= helps in detecting overfitting, thus enhancing model generalizability,
=t al. (2023), Samee et al. (2022), Rehman et al. (2021), Al-Antari et
%) and Beura et al. (2015). Only 10% of researchers, such as Baccouche
e 2l (2022), Singh et al. (2020) Abdelhafiz et al. (2020) and Chougrad et
== or four datasets, which usually provide more stable and reliable

itv of the model. The number of datasets used for model validation

= Single dataset = Double Datasets = Multiple Datasets

L Percentage of Datasets used for Breast Cancer Model Validation
g Techniques

o that the preprocessing techniques mostly employed by researchers were
Gaussian filter, morphological filter, wavelet transforms, and pixel scaling.
=“ective for mammogram preprocessing, achieving accuracies above 93%,
of CLAHE and CNN achieved the best accuracy of 98.8%. CLAHE
in mammograms, improving visibility of subtle lesions, and also limits
=dian filtering is better for noise removal than Gaussian filtering. Wavelet

but are complex, and ROI improves efficiency but risks losing data.
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performance of the preprocessing techniques, with their advantage,

cessing Techniques with Advantages, Limitations, and Accuracies

Limitations Accuracies
= sohancement Noise if misconfigured 93-98%
Blurs details 90-93%
Edge blurring Up to 80%
Shrinks lesions Up to 99.8% sensitivity.
Complex to implement Up to 99.29%
, E commpatibility May lose features Up to 97%

#on Techniques
* \lemtifving and delineating regions of interest in images to enhance

mgmition of objects. The research findings revealed that the

' wommonly employed in the various designs of the AI models were

= M=hmood et al. (2022) and Loizidou et al. (2020) region-based;

-

. = =l (2015) patch-based; Quintana et al. (2023) and Pesapane et al.

]

2t 2l (2023) deep learning-based; Basheri et al. (2023), Singh et

I“ (2020, wwo-dimensional discrete wavelet transform (2D-DWT);

B

 Celiuier Neural Networks; and Rouhi et al. (2015), with the highest

o ©resholding and region-based segmentation techniques. This

]
R

=== which include the ability to learn complex mappings from

i
¢
i

mes om mmany segmentation tasks, as highlighted in other research by

‘mfwamt=ces and limitations of these segmentation techniques are
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Table 4.4:

Comparison of Segmentation Techniques

Advantages

Limitations

olding techniques

*  Binary
* Global
* Otsu

*  Dynamic
»  Threshold-based

Implementation is easy and simple
Computationally efficiency
Best for images with well-defined

intensity distributions.

Sensitive to noise variations
Thresholds have to be determinec
manually and automatically.
Struggles with complex or

overlapping intensity distribution

“=on-based techniques

* Region-based method

= ROI segmentation

= Region growing

*  Mass segmentation on ROI

Effective for segmenting
homogeneous regions.

Handles intensity, texture and color
variations well.

Able to use local properties to

provide segmentation boundaries.

Have challenges capturing fine
details

May experience
undersegmentation or
oversegmentation due to noise
and artifacts.

Large and complex datasets are

computationally intensive.

=-based techniques

»  Patch approach

extraction

* Fixed and random patch

Contextual and spatial dependencies
are captured.

Not affected by complex patch
relationships.

Employed for detailed analysis of

image features.

Large images make it
computationally expensive.
Large volumes of training data a1
required to obtain meaningful
patch representations.

Affected by patch size variability

and misalignment.

= window technique

Applicable to a wide range of image
segmentation tasks.

Window size and stride can be
adaptively adjusted.

Give local context and spatial

information.

Computationally expensive for
large images.

Window size and stride need to t
carefully selected to achieve
accuracy and reduced
computational cost.

May introduce artifacts or
boundary effects at the edges of

windows.

ing techniques

= U-Net segmentation

- = Conditional Generative

Adversarial Network

Able to learn complex mappings
from input images.
Can capture intricate patterns and

variations in data.

Large volumes of annotated data
are needed for training.
Computationally intensive in

training and inference phases.
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e Achieve better performance on e Decision-making lacks

many segmentation tasks. transparency and interpretability.
=tional Network
= Selief Network
e  Robustness to noise o Artifacts affect sensitivity
e Allows rﬁultiresolution analysis e May lack interpretability
e  Effective feature extraction compared to other simpler
techniques.

e Computational complexity

relatively high.
e  Robustness to noise o Lacks interpretability
e Adaptive learning e Prone to overfitting .
e  Capable of performing nonlinear s Requires large volumes
processing annotated data for training

=ation algorithms

commonly rely on deep learning techniques, including ResNet, AlexNet,
“sception, and transfer learning, and graph convolutional neural networks (GCNs). This
zied to the fact that, typically, deep learning algorithms and CNNs are effective at
. =mage classification tasks and automatically learn features from raw images,
. = need for other feature extraction methods engineering, such as handéraﬂed
= can capture complex patterns and relationships in images, making them highly
= =so indicated by Litjens et al. (2017) [154]. Employing this type of algorithm for
images can be computatiorially expensive and may require large volumes of
he transfer learning approach achieves good performance with limited labeled data
= “arge datasets to pretrained models and fine-tune models on smaller domain-specific

Zealing with significant differences in sources and domains, the model may not
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*l'sfer well, and fine-tuning must be performed with care to prevent overfitting and underfitting.
i
F.\’ algorithms can handle image regions and irregularly structured data and thus are well suited

|‘use with graph-structured data. The algorithm may lack generalizability due to differences in

Bsze modalities and the requirement of specialized architectures and training procedures.

¥ Ms are less prone to overfitting and can use kernel functions to effectively handle nonlinear

= relationships; however, they require feature extraction techniques and are sensitive to the

ice of kernel and parameters, which may affect performance. Ensemble methods can capture
rse data patterns, are robust to overfitting and produce improved performance due to the
bination of predictions of multiple classifiers, although the selection and combination require
ful consideration. Compared to some single models, these models may not always provide
ificant performance gains and can also be computationally intensive. The logistic regression
feorithm is easy to implement, easy to interpret and simple. However, the algorithm may not be
ctive when dealing with complex data pattern nonlinearity.

% =ddition to other combinations, deep learning techniques have been used in diverse approaches
the diagnosis and classification of breast cancer. The strengths and weaknesses of each
ique used to classify breast cancer depend on certain computational factors, such as the nature

- size of the dataset and the specific requirements of the classification task.

F= 5 Performance Matrices

Essment of the effectiveness and reliability of the classification of the developed models is an
Bsential part of model usability. Therefore, most of the researchers used the confusion matrix, a
#i= that addresses the predicted and actual classifications of a model. The researchers used the

F=fusion matrix to determine the accuracy, sensitivity, specificity, area under the curve (AUC),
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i receiver operating characteristic (ROC) curve. These metrics provide insights into different
ects of the performance of the models.

% performance matrices demonstrated that the Al models improved the accuracy, sensitivity and
recificity of breast cancer diagnosis and classification compared with manual analysis, which
rkedly yielded different conclusions than automated assessments, particularly in cases of
eexpected observations, as reported by Gao et al. (2021) [155]. This approach proved effective
i identifying abnormalities that may be missed by radiologists, thus enhancing breast cancer
#ection and efficiency, which makes it an ideal tool for use in resource-constrained settings such
ithose in Africa.

Be study showed significant differences in performance across different studies, in which the
feuracy ranged from 62% to 99%, 72.2% to 98.60%, and 85.38% to 99.9% for single, double,
& multiple datasets, respectively. These findings demonstrated that the infusion of Al models
i the diagnosis of breast cancer has achieved improved accuracy, and the use of large and diverse

Easets achieved slightly improved performance accuracy.

& Emerging Trends

Be studies included in this research relied on centralized datasets such as MIAS and DDSM,
&ich led to biases where private datasets outperformed public datasets. Federated learning is a
tcentralized machine learning technique in which many clients that store data locally train a
©bal model. To improve data privacy and security, only model updates, not raw data, are
ichanged. Using federated learning could aggregate insights from diverse datasets to reduce bias
id improve model robustness [156].

imajor limitation in the current studies islthe dependency on annotated data. Self-supervised

eming (SSL) models learn from unlabeled data by completing pretext tasks that cause the data
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" oroduce supervisory signals. The need of labeled data is frequently reduced when SSL fills the
: o between supervised and unsupervised learning. Employing SSL could boost performance by
| woroving feature extraction from small datasets like MIAS [157].

= current studies revealed that breast cancer diagnosis mostly relies heavily on deep learning
els such as CNNs and SVMs, achieving accuracy between 80-99%, but with performance
ariability across datasets. Transformer models are self-attention-based deep learning architectures
=t handle sequential input efficiently without the need for repetition. It offers significant potential
* capturing long-range dependencies in mammograms, which is important in identifying subtle
=ons. It employs self-attention mechanisms to analyze global context that improve
==eralization across datasets such as MIAS and INbreast. Exploring CNN-transformer ensembles
am help balance accuracy and efficiency [158].

2 current models in the study prioritized accuracy instead of interpretability which hinders
mical trust. Explainable AI (XAI) helps comprehend the internal workings and outputs of
achine learning models. Increased accountability, transparency, and trust are the goals of XAI,
wticularly in high-stakes industries like hg:althcare. XAI techniques such as Attention maps,

=pley Additive exPlanations (SHAP) values, and Gradient-weighted Class Activation Mapping

ad-CAM) can be used to clarify model decisions [159].

7~ Clinical Implications and Challenges of Implementation

2= clinical implications of these findings suggest that African populations, whose breast cancer
ality is expected to rise, are underrepresented in the majority of available databases. This
=fuces the model's usefulness in areas with high needs. Also, cross-institutional data sharing is
=peded by HIPAA/GDPR compliance challenges. Federated learning, which has potential, needs

~andardized protocols before it can be used in clinical settings.
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= segmentation approaches present varying effectiveness and practicality tradeoffs in clinical
: =tings. Traditional thresholding techniques achieve moderate accuracy (85-92%) but
‘ smonstrate significant limitations in dense breast tissue cases, where sensitivity can drop by 50%.
aile deep learning methods offer superior accuracy (92-98%), their implementation requires 3-
- =mes greater computational resources, creating barriers for widespread clinical adoption. Hybrid
woroaches strike a middle ground with 94-97% accuracy, though their complex integration
irements with existing PACS systems often hinder deployment. These differing performance
saracteristics and implementation challenges highlight the importance of matching technique
tion to specific clinical needs and infrastructure capabilities.
B ough AI models typically outperform human analysis in the classification of breast cancer,
e are obstacles to practical application. Compared to controlled lab studies, these models
“=merate 22% more false alarms when evaluated in a real hospital setting, as reported by Gao et al.
20). The advanced models are more accﬁrate but need much more patient data to work well,
“=n double what older systems required. While these advanced models can identify cancers with
95% accuracy, doctors hesitate to use them because of the unexplained decision-making
ess. This is why many clinics still rely on simpler, less accurate systems that are easier to
wderstand and use in daily practice. For Al to truly help patients, systems need to be both highly

ate and explainable.

Future Directions

wure research can explore deep learning techniques and multiple datasets to enhance model
=meralizability. Researchers can benchmark transformers against deep learning model on public
“uzsets and explore hybrid architectures to balance accuracy and efficiency. Researchers can

lude SSL pretraining on multi-modal data and integrating SSL with transformers for more data-
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“licient learning. The use of standardized XAI metrics can be integrated into models by

=earchers to enhance real-time clinical workflow.

Chapter Summary

‘s chapter has presented a rigorous, systematic review of Al applications in breast cancer
agnosis from mammograms, analyzing 300 studies published between 2008 and 2023. Key
ings reveal that deep learning approaches, particularly CNNs like ResNet and DenseNet, have
:come dominant in recent years, achieving classification accuracies up to 99% when combined
h advanced preprocessing techniques such as CLAHE. The review identified significant
mability in model performance depending on the datasets used, with private datasets generally
=lding higher accuracy of 99% compared to public benchmarks like DDSM/CBIS-DDSM
*3%). Emerging trends, including federated learning, transformer architectures, and explainable
(XAI) methods show promise for addressing current limitations in data privacy, model
=neralizability, and clinical interpretability. However, implementation challenges persist,
icularly regarding computational resource requirements, integration with clinical workflows,
2 the need for more diverse training datasets that include underrepresented populations. The
ings underscore both the transformative potential and current limitations of Al in
ography, providing a foundation for future research directions aimed at developing more

ust, equitable, and clinically-adoptable diagnostic systems.
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Chapter 5: Breast Cancer Diagnosis based on Handcrafted
Features and Enhanced VGG19

Introduction

chapter introduces a novel hybrid deep learning framework that combines handcrafted
es with an enhanced VGG19 architecture to improve mammographic image analysis. Section
establishes the theoretical basis for handcrafted feature extraction and its clinical relevance to
-RADS criteria, while Section 5.3 details the architectural modifications to VGG19, including
ir mathematical formulation. Section 5.4 presents the experimental methodology and validation
wtocol, and Section 5.5 analyzes the comparative results and discusses their clinical implications.
© integrating domain-specific feature engineering with deep learning, this approach addresses

- challenges in medical image analysis, offering both improved performance and enhanced

pretability for breast cancer diagnosis.

= Handcrafted features

andcrafted features are traits or qualities that are obtained by computer methods from data
coded in mammograms [160]. Handcrafted features include gray-level difference, run-length
co-occurrence matrices; shape and margin features such as lesion area, circularity and
lation; breast density percentage, density asymmetry, and qualitative density patterns for
==sity features, microcalcification features Which include size and shape of microcalcifications
! clustered microcalcifications [161].

mdcrafted features capture specific patterns from mammograms that are relevant for detecting
wmormalities by leveraging domain knowledge expertise. These features extracted using
sedcrafted techniques are comparably easier to interpret than features automatically learned by

= learning models. Handcrafted feature techniques are computationally less intensive and
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fectively train models without the need for large amounts of data. Models trained using
endcrafted features have fewer parameters and therefore experience a reduced risk of overfitting
154, 162-165]. Several authors have suggested the incorporation handcrafted features with
iL/learned features.

‘uz-Ramos et al. (2023) used deep learning and handcrafted features to segregate benign and
falignant tumors from mammograms and ultrasound images. The images were preprocessed to
Pain a lesion mask by segmentation. Deep learning and handcrafted features were extracted from
k= images. Employing multiple classifiers, the hybrid system achieved performance accuracies
£ mini-DDSM and BUSI datasets of 97.6%, 98% and 98% for accuracy, precision and recall
Espectively [166].

feep learning features and handcrafted features were used to boost model breast cancer
tassification by Sajid et al. (2023). The framework integrated HOG and LBP with deep learning
Estures into a CNN model to enhance classification. Experimental findings on CBIS-DDSM
pelded an accuracy of 91.5% [167].

bmes et al. (2022) improved the identification of mammogram abnormalities by maximizing the
Bmbination of deep transfer learning and handmade characteristics. The approach employed
Eomatic feature extraction from the region of interest (ROI) surrounding the lesions using two
F5G16 models. Five linear SVMs are then constructed using the two sets of automated features
fm VGG16, along with carefully selected handcrafted features. The model's AUC of 0.756 +
{742 indicated that both features included valuable information about breast classiﬁcation. [168].
E 2 study conducted by Joseph et al. (2022), Hu moments, Haralick textures, and colour
Esograms were used in the training of DNN classifiers. Experimental findings on

Esopathological images from the BreakHis dataset yielded 97.87% accuracy demonstrating that
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% incorporation of handcrafted features with DNN classifiers outperformed other approaches in
ast cancer multi-classification [160].

wandale et al. (2021) employed features from VGG16, VGG19, ResNet50, and GoogLeNet with
andcrafted features to categorized breast cancer. These extracted features are subsequently
=coded with the Locality-Constrained Linear Coding (LLC). The model was classified using a
N and yielded a maximum accuracy of 92.88% [169].

“andcrafted features were coupled with deep features to categorize breast tumors in ultrasound
: zages by Daoud et al. (2020). To enhance classification efficiency, the collected deep features
= coupled with manually created morphoiogical and texture features and processed through
e selection. The proposed method yielded 96.1%, 95.7% and 96.3% for mean accuracy,

sitivity, and specificity respectively [170].

VGG19

-==p Learning has evolved and several foundation models exist, including ResNext, Inception,
“enseNet, and EfficientNet. However, their applicability depends on the task. VGG19 is a 19-
=1 deep convolutional neural network made up of 3 fully connected layers and 16 convolutional
= ers, for image classification into 1000 object categories. The neural network increases depth by
=ploying a 3 x 3 small convolution filters. VGG19 runs with a 224x224 input size and is .trained
“h an ImageNet database, which contains one million images split into a thousand classes.

= architecture leverages 16 convolutional layers organized into 5 sets, with a max-pooling layer
“er each set. Additionally, 3 fully connected layers are used for classification [171].

©5G19 is a deeper variant of VGG16, with 3 additional layers and was adopted for this specific

iy because it has a uniform architecture which makes the model easier and simpler. This is

sortant for breast cancer images, as the consistency and simplicity of the model help in
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urately identifying and classifying abnormalities. With 19 layers, as shown in Figure 5.1,
19 might perform sufficiently well for a specific task without the need for additional
mplexity which makeé it suitable for transfer learning [172, 173].

is approach hence integrated handcrafted feature extraction techniques (HOG, LBP, Gabor filter
Haralick texture features) with an enhanced VGG19 network classifier for breast cancer

ification.

224X224%04

112aX112X128

S6X56X 356

28X28X512

18X14x512 :
TXINS12

Moxpaol (2X2) Maxpool {2X2] | Mdxpool (2X2)  © Maxpool (2X2) Maxpool (2%2)

Filter = 128 Fitter = 256 Filter = 512 Filter = 512 bl o o

Filter = G4
3% 3 conv 3 %3 cenv 3% 3 conv 1% 3 conw 3 X3 conv Pooling = Average
onv2D1_1 conv2Dl_1 conv2D3_1 conviDa_1 convaDs_1 Fa
conv2D1 2 conviD1 2 convaD3 2 conviDa_2 convaDs 2 fcz
conw2D3_32 conviba_3 convzDS_3 Size - 1000

convaD3_ 4 conviD4_a conv2D5 4 saftmax

Figure 5.1: VGG19 Architecture [Adopted from [174]
l i Methodology

1 Dataset

this approach, experimental analysis was conducted using the CBIS-DDSM database. CBIS-
M? is an open-resource mammography database. This dataset is a revised iteration of the
M, encompassing 2620 mammograms meticulously examined and annotated by radiologists

expertise in the field [94]. From the dataset, 440 mammograms were selected, including

/Iwww kaggle.com/datasets/awsaf49/cbis-ddsm-breast-cancer-image-dataset
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gn and malignant images from either medio-lateral oblique (MLO) or cranio-caudal (CC)

st scans. These images consist of 240 images analyzed as benign and 200 images as malignant.

2 Image Preprocessing

iis research, the Contrast-Limited Adaptive Equalization (CLAHE) technique is employed for
ze enhancement. CLAHE is a form of adaptive histogram equalization (AHE) technique that
-all image details and improves local contrast. CLAHE computes and trims the histogram of
1 region at a preset threshold and the trimmed intensity values are redistributed across the
sgram bins. This process results in a modified histogram compared to the original one. It helps
lleviate the issue of over-enhancement in the processed images and effectively addresses the

:-shadowing effect seen in AHE [175, 176].

3 Feature Extraction

texture of an image holds crucial information for many types of images. Based on the
lomness level, the texture is grouped into sporadic and regular stochastic. The sporadic
mization of the basic portions of an object represents the regular texture whereas the stochastic
1e random arrangement of the basic portions [177]. To improve the reliability, and robustness
reduce the model training time, handcrafted feature extraction techniques were employed.
r handcrafted features namely; HOG, LBP, Gabor filter and Haralick texture features are
dloyed in the research. The features extrécted are concatenated into a one-dimensional single
ure vector to ensure the usage of all extracted information [178]. The accuracy of detection
object recognition is enhanced by combining shape, texture and pattern features which also
:rages texture descriptors to improve classification performance.
: HOG technique operates under the assumption that the histogram of edge orientations or local

nsity gradients inside a dense grid can describe local appearance and form features. This
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od merges structural and statistical approaches, enabling the capture of the distribution of
gorized mass structures [179]. The HOG technique is used to capture the edge and contour
rentations. It focuses on the structure or shape of the image and computes features using the
itude and angle. It converts the mammographic image by simplifying the image data and the
sity gradients. The technique computes the gradients into histograms of orientation for each
el cell. The cells are grouped into 2x2 blocks and normalized to improve the light variation
ustness. The HOG features extracted are efficient and contain compact mammographic
ormation [180]. The gradient is determined for each pixel (x,y) is computed as expressed in
tions 5.1 and 5.2 [181]:
Ge(x,y) =1(x+1,y) - 1(x - 1,y) (G.1)
Gy(6y) =1(x,y +1) = I(x,y — 1) (52)
where at position (x, y), intensity is I(x, y).
image is divided into cells and the orientation 8 (x,y) is quantized into a histogram with n
. Each bin’s contribution is weighted by the magnitude M (x, y) as demonstrated in equations

and 5.4.

0 (x,y) = arctan (%-))-) (5.3)
M(x,y) = G (x,¥)? + Gy(x,y)? (5.4)

LBP creates a binary number by thresholding the neighboring pixel values for the core pixel
ue. These LBP codes are computed for every pixel in the image, creating a matrix that is
sequently employed to derive texture features. Typically, the LBP operator uses a 16-pixel
ighborhood, producing 243 different rotation-invariant circular symmetry patterns and 65,536

2% unique output values. These descriptors are quantified using the LBP output values in two-
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nensional histograms [182]. For a given pixel (x,y) in an image with intensity /(x,y) and a

R with P surrounding pixels, the LBP is computed as shown in equations 5.5 and 5.6 [183]:

LBP(x,y) = X523S (I — (7). 27 (5.5)
e the intensity of the p™ surrounding pixel is I, and S(x) is the sign function.

S = (o E;iig (5.6)

w-or filters have been demonstrated to be accurate and robust feature detectors in image
cessing. It is a linear filter for texture analysis and edge detection. Gabor filters are an effective
womique for characterizing the textural ucharacteristics of masses at multiple ‘scales and
==ntations because they can be adjusted to varied orientations and scales [184]. The Gabor filter

2 Gaussian kernel that is sinusoidally modified by a plane wave in the spatial domain. The

" r.y) is expressed in equation 5.7 as described in [185]:

G(x,y) =exp (— M) cos (21‘:% + qo) | (5.7)

202
where x' = xcos8 + ysiné,
y' = —xsinf +ycosé

= wavelength A represents the sinusoidal factor, the orientation (@), the phase offset is (), the
ard deviation (o), and the spatial ratio ( y).

alick texture features are statistical measures for quantification of the texture of an image using
Gray Level Co-occurrence Matrix (GLCM). By taking into account the spatial relationship
ween the pixels, GLCM computes the image's statistical properties. Haralick textufe estimates
l _CM using grayscale pixels. The Haralick texture features include determining the contrast,

imilarity, homogeneity, angular second moment (ASM) and correlation between pixels [186].
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%r a given distance d and direction 6, the incidence of pixel pairs with intensities i and J is

Eoresented by the GLCM P(i, j, d, @) are expressed in equations 5.8 to 5.12 [186].

Contrast (Con) = X ;(i — )* P(i,)) (5.8)
Dissimilarity (Dis) = X, li — j| P(i,)) (5.9)
; _ P(i.j)
Homogeneity (Hom) = %; ; T (5.10)
Energy (ASM) X, ; P(i — j?) (5.11)
Correlation (Cor) = Ei'j(i'j'P:i'i))-ux"y (5.12)
XXy

£+4 Combined Features
fopose the extracted HOG feature vector that represents the distribution of gradient orientations

& localized parts of the image, is illustrated in equation 5.13 as;

(5.13)

f _ [ v H@12) H(mn,B) ]
HOG = | szt e’ [T Hev €2’ ™' T Her €2

¥ere H(i, j, b) represents the histogram value for bin b in cell (i, ), and the summation in the
Enominator is over all histograms within the current block.

e output histogram of the LBP can be determined as shown in equation 5.14;

;_;F=[ Z Lisrissy = O s Z Lpayy = 255, ., Z Liprcesy =0, e Z 1“,,,] (5.14)
x,yecelly

x,yEcelly x,y.€celly x,yecelly

khere each summation represents the count of a particular LBP code in the respective cell.
I5e feature sets extracted by filtering the image with the Gabor filter at various scales and

mentations are expressed in equation 5.15:

fo= {Z Mi%,9), ) My(3) s ) Ma(,9)

vhere M;(x,y) is the magnitude of the response of i” Gabor filter.

(5.15)
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% sets of Haralick texture features obtained from the GLCM are illustrated in equation 5.16:
fraratick = [Con, Dis, Hom, ASM, Cor] (5.16)

. single comprehensive vector F for the enhanced custom VGG19 classifier is obtained by

wcatenating the various handcrafted features are expressed in equation 5.17 as:

feombinea = [fHOG: fiep: fo fHaralick] (5.17)

Proposed Enhanced VGG19 Model

% proposed breast cancer classification model from mammographic images is composed of four
: (i) extraction of mammographic features using handcrafted feature extraction techniques,
. extraction of mammographic features using VGG19 as a feature extractor, (iii) integration of
' selected features into a single vector; and then (iv) classification with an enhanced VGG19 as

strated in the pseudo-code flow chart below in Figure 5.2.

HOG

Combined
Feature
Vector - —

b
Q

Malignant

~ Concatenated

Combining Custom |
features Model
Enhanced e ;
VGGIQ L Benjgn

Figure 5.2: Pseudo-code flow chart of Proposed Model

this method, VGG19's convolutional layers derive features from the image, which are then
tened into a one-dimensional vector. The manually extracted feature vectors (HOG, LBP,
s=bor, Haralick) are concatenated with the VGG19 feature vector. Specifically, fyog captures the

szdient and edge information of the image, fipp records the local texture patterns by comparing
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1 pixel with its neighborhood, f; captures the image texture at multiple scales and orientations
ing Gabor filters, and fygrqiicr determines the spatial relationships and texture information from
= GLCM. The enhanced neural network takes both VGG19 features and the combined feature

“=ctor as input, concatenates them, and feeds them into a number of dense classification layers.

;- Data Augmentation

a augmentation was employed to artificially increase the size and diversity of the training
aset, which is a proven technique to reduce overfitting and improve the model's ability to
=eralize to new, unseen medical images. This was achieved by applying a series of random
=nsformations to the original data. The training dataset was randomly rotated by 20 degrees and
“fed by 0.1 horizontally and vertically to ensure the model recognizes lesions in different
wentations and positions. A skew and an appropriate zoom of 0.1 respectively were applied to
=s5le the model to handle shear distortions and variations in the scale of the objects within the
= ges. The brightness of the dataset was adjusted between the range 0f 0.95 and 1.05 to make the
mocel robust to different lighting conditions and scanner calibrations. A horizontal flip was
ied to allow the model to recognize | horizontal orientations, a crucial step given the
smmetrical nature of bilateral mammography. Finally, fill mode to the nearest was used to ensure
= newly created pixels from transformations were filled with the nearest pixel value to maintain

‘ ssistency in the appearance of the augmented data and avoid introducing artificial edges. Table

- shows the data augmentation parameters applied over 50 epochs.
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Table 5.1: Data Augmentation of Training Data over 50 Epochs

Dataset Number Images Data Augmentation
Training (352) * Benign — 200 4576
e Malignant — 152
Test (44) e Benign - 20 44
e Malignant — 24
Validation (44) e Benign - 20 44

Malignant — 24

Total = 4,664

" Model Evaluation

this study, the suggested model's classification performance was assessed using the confusion
=irix. Table 5.2 displays the counts of True Positives (TP), True Negatives (TN), False Positives
), and False Negatives (FN) in the confusion matrix which were used to determine the accuracy,
msitivity, and specificity.

Table 5.2: Confusion Matrix Table

Predicted Positive Predicted Negative
Actual Positive TP FN
Actual Negative FP TN

fhe efficiency of the classification process was assessed using the curve of Receiver Operating
—aracteristics (ROC) (AUC). It is a curve that is centered on the True Positive Rate (TPR) and
Positive Rate (FPR) produced by threshold decision adjustment which is the decision

“wundary that determines the classification of a prediction as positive or negative.

“# Results and Discussions
= dataset from the CBIS DDSM database was used to train the suggested model. Three sets of

\%= dataset were generated; a training set (80%), a testing set (10%), and a validation set (10%).
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e training set was subjected to data augmentation and used to train the enhanced VGG19 model.
handcrafted features are extracted from the mammograms and these features are converted
a one-dimensional vector. Additionally, features extracted using the VGG19 are converted
: a one-dimensional vector. Both features are then concatenated into a single vector for
ification. The four handcrafted features and their histogram equalizations are illustrated in
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was observed that the enhanced VGG19 model had the training and validation loss both declined
idly in the first few epochs as the model quickly learned from the significant characteristics in
training data as has also been reported in other studies by Zheng et al. (2018), Ikechukwu et al.
1) and Wangdji et al. (2022) [187-189]. The validation and training lines decreased and seemed
converge as the model learned from features in the data. The model, however, experienced some
tuations due to the randomness in the data, but this was minimized by implementing techniques
h as regularization to reduce model complexity, lower overfitting risk by using dropout layers,
ting the dynamic learning rate, employing early stopping and data augmentation. The
idation and training losses were quite close to each other around the 25™ epoch, suggesting that
model had generalized well without overfitting to the validation data, as shown in Figure 5.4.
enhanced custom VGG19 model demonstrated effective learning as evidenced in the
asing training and validation loss values indicating good model generalization, especially for
t X-ray images as stated by Singh et al. (2024), Alkhaleefah et al. (2020) and Khan et al.

19) [190-192].

Model Loss Model Accuracy

= Train 7= Tan i
i i
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Figure 4: Model Loss and Accuracy of Model
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mggests the model prioritizes sensitivity over specificity, which is clinically appropriate for cancer
wreening; where missing a true case (false negative) is more critical than occasional false
sositives. Meanwhile, negative cases shows high precision of 0.88 but lower recall of 0.65,
Imeaning the model is confident when predicting "no cancer" but misses 35% of true negatives.
The overall accuracy of 80% reflects balanced performance, but the macro and weighted averages
f precision value 0.81, recall of 0.78-0.80, and Fl-score of 0.79, reveal slight class imbalance
=ects. The higher Fl-score for positive cases of 0.83 against 0.74 for negative cases confirms
etter performance in detecting malignancies as illustrated in Table 5.3.

Table 5.3: Validation Classification Performance

Precision Recall F1-Score
Benign 0.88 0.65 0.74
Malignant 0.75 092 0.83
Accuracy 0.80
Macro average 0.81 0.78 0.79
Weighted average 0.81 0.80 0.79

= classification metrics demonstrate a model with balanced but imperfect performance in
‘Ustinguishing between negative and positive breast cancer cases. For negative (no cancer), the
‘=odel shows stronger precision of 0.81 than recall (0.65), indicating that while its negative
=dictions are reliable, it misses 35% of actual negative cases. Conversely, positive (cancer)
~=hibits higher recall of 0.88 than precision of 0.75, revealing the model's design priority to capture
wost cancer cases at the cost of some false positives. The F1-scores of 0.72 and 0.81 for negative
“wd positive respectively confirm better balanced performance for cancer detection.

< overall accuracy of 77% reflects moderate effectiveness, with macro and weighted averages
ering around 0.77-0.79, suggesting relatively balanced class distribution in the dataset. The

sodel's current configuration appears optimized for clinical sensitivity rather than specificity,
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king it more suitable for screening applications where missing true cancers is more
nsequential than false alarms. However, the significant gap between negative recall and positive
:cision highlights opportunities for improvement through feature engineering, additional
ming data for negative cases, or threshold adjustments to better align with specific clinical
fuirements as demonstrated in Table 5.4,

Table 5.4: Test Classification Performance

Precision Recall F1-Score
Benign 0.81 0.65 0.72
Malignant 0.75 0.88 0.81
Accuracy 0.77
Macro average 0.78 0.76 0.79
Weighted average 0.78 0.77 0.77

= ROC curve analysis reveals important insights about the model's diagnostic capabilities and
meralizability. With a validation AUC of 0.82 and test AUC of 0.80, the model demonstrates
png and consistent performance in distinguishing between positive and negative cases across
th datasets. The minimal 2% difference between validation and test AUC scores indicates
cellent model stability, suggesting the algorithm has successfully learned generalizable patterns
thout significant overfitting to the training data. This performance level is particularly valuable
r medical applications like breast cancer detection, where an AUC above 0.8 is generally
nsidered clinically useful. The high true positive rates (reaching 0.8) combined with controlled
se positive rates show the model effecti;rely balances sensitivity and specificity, making it
itable for screening scenarios where both detecting true cases and minimizing unnecessary
llow-ups are important.

le curves' trajectories provide additional diagnostic information about the model's behavior. The

ong initial rise in true positive rate relative to false positive rate suggests the model maintains
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sigh sensitivity even at conservative classification thresholds, which is crucial for life-threatening
conditions like cancer where missed diagnoses carry severe consequences. The gradual flattening
of the curve at higher thresholds indicates the model's diminishing returns in specificity gains,
‘mplying that pushing for extremely low false positive rates would come at the cost of missing
‘more true cases. This characteristic reinforces the model's appropriateness as a screening tool
where the priority is to flag potential cases for further examination rather than make definitive
Ziagnoses. The ROC curves across both validation and test sets, as illustrated in Figure 5.6 gives

wonfidence that the model would perform reliably when deployed in real-world clinical settings

with similar patient populations.

Validation ROC Curve Test ROC Curve

1.04

Trua Positive Nate

0.2 1

-, — ROC curve (area = 0.82) | ’ —— ROC curve (area = 0.80)

00 02 04 0.6 0.8 10 0.0 02 04 056 0.8 10
False Positive Rate False Positive Rate

Figure 6: The Validation and Test ROC curve of the Model
59 Future Trends

Significant opportunities exist to enhance mammography-based diagnostic systems through
=ultimodal data integration. Future research could substantially improve diagnostic accuracy by
sombining mammograms with complementary imaging modalities such as ultrasound or MRI,

slong with relevant clinical data including patient history and genetic markers [193]. Such hybrid
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woproaches that fuse quantitative imaging features with deep learning have shown particular
omise in recent studies.

2e development of explainable AI (XAI) systems using visualization techniques like Grad-CAM
= SHAP will be critical for clinical adoption, as they provide transparent decision-making
ocesses that build clinician trust [194].

“rivacy-preserving approaches such as federated learning offer solutions to data sharing challenges
w enabling model training across decentralized datasets while maintaining patient confidentiality
195]. This method could facilitate unprecedented multi-institutional collaboration while
wmplying with data protection regulations.

“urthermore, optimizing these systems for edge Al deployment on portable devices would enable
al-time analysis capabilities, particularly valuable in resource-limited settings where access to
wivanced imaging infrastructure is constrained. Together, these advancements represent a

wmprehensive roadmap for developing more accurate, interpretable, accessible, and privacy-

cious diagnostic systems in breast imaging.

0 Clinical Implications and Limitations

= proposed model demonstrates significant clinical potential, particularly in enhancing early
weast cancer detection. With a sensitivity of 0.916, the system effectively minimizes false
=catives, facilitating timely intervention and potentially improving patient survival rates [196].
“s a decision-support tool, the model could function as "second reader” for radiologists, reducing
Sagnostic workload while mitigating interpretation variability. Furthermore, such automated
ems may address critical healthcare disparities by bridging diagnostic gaps in resource-limited

w=sions where access to trained radiologists remains scarce [197]. However, the ethical

-ployment of this technology necessitates rigorous validation across diverse populations,
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ncluding variations in breast density and ethnicity, to ensure equitable performance and minimize
2gorithmic bias.

Oespite these advantages, the model’s training on the dataset raises concerns about

- zeneralizability, as performance may degrade when applied to external datasets or rare cancer
subtypes. Additionally, the reliance on handcrafted features introduces complexity, requiring
specialized domain expertise and potentially limiting adaptability compared to end-to-end deep
‘=arning approaches. Most critically, the model’s specificity of 0.65 implies a 35% false-positive
=te, which could precipitate unnecessary biopsies, increased healthcare costs, and patient distress.
These limitations underscore the need for continued refinement, including expanded datasets,
optimized architectures, and threshold calibration to balance sensitivity and specificity in clinical

baractice.

512 Chapter Summary

 This research was aimed at enhancing the classification performance of mammograms by

' atures were concatenated to provide a rich and comprehensive feature set for the training of the
- roposed model. The model yielded validation and test AUC of 0.82 and 0.80, respectively,
=flecting its good discriminatory power. The model's capacity to correctly identify both benign

and malignant instances was demonstrated by sensitivity values of 0.875 for validation and 0.916

! “or testing, as well as specificity values of 0.65 for both validation and testing.
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e enhanced VGG19 model with the integl_'ation of image preprocessing and features extracted

ing the handcrafted feature extraction techniques has demonstrated effective and robust
ormance in classifying mammographic images. The model's excellent sensitivity and AUC
ues suggest that it may be used to reliably and accurately identify malignant cases, which is
ortant for breast cancer treatment and early diagnosis.

e leveraging of both handcrafted features and deep learning has proved to offer balanced and

somprehensive data for analyzing mammographic images. Future work could explore further

rovements in specificity and overall accuracy, as well as ensure real-world usability by testing

model on bigger and more diverse datasets.
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Chapter 6: Breast Lesion Visualization using CycleGAN

5.1 Introduction

“his chapter deals with categorization of breast lesions by the application of CycleGAN with an
=semble feature extraction approach. It involves, image preprocessing using CLAHE, Generative
~dversarial Network (GAN), Cycle-Consistent Generative Adversarial Network (CycleGAN),

_=ature extraction, results, discussions, future trends and clinical implications and limitations.

.2 Generative Adversarial Network (GAN)

e dual-contending neural network models, the Generator (G) and the Discriminator (D), make
the deep generative model known as Generative Adversarial Networks (GANs) [198]. The
~versarial training of the G and D models ﬁaximizes the comparison between the data produced
» G, as well as the probability that D will be able to identify the source of the training samples.
= two-sided game issue, including the minimization and maximization of the value function, or

== GAN's loss function, can be used to describe the training of D and G as demonstrated in

“zuation 6.1 below [198].

mGin mDin V(D,G) = Ey~paata (x) [log D(x)] + Ezepz(z) [log(1—-D (G(z))))] (6.1)

“here Dy, is the likelihood that x is real and G,y the output at a given noise z.

“ue to the continuous competition between the discriminator and generator, GAN training is

wversarial. The discriminator needs to get better at distinguishing the difference between real and
| 2ke as the generator gets better. As a result of this ongoing development, both networks eventually
secome more complex. Theoretically, training leads to a Nash equilibrium, or Dy = k for
svery x, where the generator generates perfect fakes that the discriminator cannot d;scern from

actual data, however, attaining this ideal equilibrium is difficult, and k is a constant [81].
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Cycle-consistent Generative Adversarial Network (CycleGAN)

leGAN is a GAN variation intended to translate images without paired images. Without
liring a direct relationship between images in the two domains, CycleGAN allows images to
ransformed. It forces the generators to maintain the content of the original images while
1ging their domain. The output x from Domain X should be comparable to its original image
(x))) after translation by Domain Y using G and then to Domain X using F as expressed in

ation 6.2 [199].

Le(G,F) = Ex-paataeoll|F (Ge) = x]|1] (6.2)

ilarly, given the output y from Domain Y, translating it to Domain X using F and then to
nain ¥ with G should result in an image that is sufficiently close to the original image y as

wn in equations 6.3 and 6.4.

L, (F,G) = EY~pdata(Y)[”F(G(Y)) - Y” (6.3)
The overall cycle consistency loss is given by:

Liotar (G, F) = L (F,G) + L (F, G) (6.4)
juarantee that the generated images are realistic, CycleGAN incorporates adversarial loss from
generative model alongside the cycle consistency loss as shown in the equation below. To
fuse the discriminator Dy, the generator G strives to produce images (x) that seem to come

1Y Domain as illustrated in equation 6.5.

AN (G: Dy: X, Y) = Ey~Pdata(y) [iog Dy(Y)] + Ex-Pdata(x) [log (1 - Dy(G(x)))] (6.5)
objective of the generator F is to produce images F, that deceive the discriminator D, into

eving that these images originate from domain X. The adversarial loss for the generator F

discriminator D, is expressed in equation 6.6 below.
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&1 Dataset variability and usage

%= study review revealed that researchers used open, private or a combination of open and private
Easets for the validation of developed models.

%= open datasets included the CBIS-DDSM, MIAS (mammographic image analysis syndrome)
i INBreast datasets. These datasets are publicly available worldwide, fostering collaboration
i reproducibility. The open datasets contain a large collection of mammography images with
Fociated clinical metadata other than patient data. These datasets contain information on different
Esological types, such as calcifications, architectural distortions and masses which helps in the
Eming and validation of Al models, which can be used as standard benchmarks for evaluating
E performance of algorithms.

%= private or proprietary datasets are generated from medical institutions or hospitals and may
Iain large volumes of clinical metadata, including patient data. These datasets have restricted
Eess rights due to regulatory and privacy concerns and allow only researchers with access to
Zuate the performance of the algorithms, thus limiting generalization. The selection of the type
| Zataset used in the development of Al models influences the evaluation and generalizability of
Emodels.

poroximately 70% of the researchers, sucin as Rahman et al. (2023), Elkorany et al. (2023),
Shamrani et al. (2022), Khamparia et al. (2021), Zhang et al. (2020) and Wang et al. (2019),
Fed for the use of single datasets, which were obtained from either open resource datasets or
Bprietary/private datasets. These researchers opted for single dataset because it enabled
i=irolled experimental conditions, benchmarking and comparability [150, 151]. Aithou'gh this
roach is straightforward for assessing model performance, it may lack generalizability due to
E lack of access to unseen data, as noted by Harrington et al. (2018) [152]. Twenty percent of

E researchers utilized a combination of open resource datasets and proprietary/private datasets

61



el validation, which helps in detecting overfitting, thus enhancing model generalizability,
reported by Quintana et al. (2023), Samee et al. (2022), Rehman et al. (2021), Al-Antari et
2020), Khan et al. (2019) and Beura et al. (2015). Only 10% of researchers, such as Baccouche
. (2022), Mahmood et al. (2022), Singh et al. (2020) Abdelhafiz et al. (2020) and Chougrad et
@01 8), have used three or four datasets, which usually provide more stable and reliable
tes of the generalizability of the model. The number of datasets used for model validation

wn in Figure 4.2.

= Single dataset = Double Datasets = Multiple Datasets

Figure 4.2: Percentage of Datasets used for Breast Cancer Model Validation

Image Preprocessing Techniques

research revealed that the preprocessing techniques mostly employed by researchers were
, median filter, Gaussian filter, morphological filter, wavelet transforms, and pixel scaling.
_ was the most effective for mammogram preprocessing, achieving accuracies above 93%,
. the amalgamation of CLAHE and CNN achieved the best accuracy of 98.8%. CLAHE
ces local contrast in mammograms, improving visibility of subtle lesions, and also limits
amplification. Median filtering is better for noise removal than Gaussian filtering. Wavelet

offer high accuracy but are complex, and ROI improves efficiency but risks losing data.
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sble 4.3 summarizes the performance of the preprocessing techniques, with their advantage,

wmitations, and accuracies.

hle 4.3: Summary of Preprocessing Techniques with Advantages, Limitations, and Accuracies

Techniques Advantages Limitations Accuracies
CLAHE Local contrast enhancement Noise if misconfigured 93-98%

Median Filter Speckle noise removal Blurs details 90-93%
Gaussian Filter ~ Smoothing Gaussian noise Edge blurring Up to 80%
Morphological ~ Enhancing mass shapes Shrinks lesions Up to 99.8% sensitivity.

Wavelets Multi-scale features Complex to implement Up to 99.29%

“ixel Scaling Deep learning compatibility May lose features Up to 97%

= = Comparison of Segmentation Techniques

smentation is important for identifying and delineating regions of interest in images to enhance
ate identification and recognition of objects. The research findings revealed that the
smentation techniques most commonly employed in the various designs of the Al models were
=sholding; Bi et al. (2022), Mahmood et kal. (2022) and Loizidou et al. (2020) region-based;
b et al. (2019) and Rouhi et al. (2015) patch-based; Quintana et al. (2023) and Pesapane et al.
23) sliding window; Pesapane et al. (2023) deep learning-based; Basheri et al. (2023), Singh et
(2020), Abdelhafiz et al. (2020), two-dimensional discrete wavelet transform (2D-DWT);
athi et al. (2017) and Cellular Neural Networks; and Rouhi et al. (2015), with the highest
umber of researchers opting for thresholding and region-based segmentation techniques. This
wuld be attributed to its advantages, which include the ability to learn complex mappings from
“mages and better performance on many segmentation tasks, as highlighted in other research by

linaee et al. (2022) [153]. The advantages and limitations of these segmentation techniqﬁes are

=ucidated in Table 4.4,
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Table 4.4: Comparison of Segmentation Techniques

Advantages

Limitations

Taresholding techniques

¢ Binary
e Global
e Otsu

¢ Dynamic

¢ Threshold-based

Implementation is easy and simple
Computationally efficiency
Best for images with well-defined

intensity distributions.

Sensitive to noise variations
Thresholds have to be determinec
manually and automatically.
Struggles with complex or

overlapping intensity distribution

Azzion-based techniques

* Region-based method

* ROI segmentation

* Region growing

s  Mass segmentation on ROI

Effective for segmenting
homogeneous regions.

Handles intensity, texture and color
variations well.

Able to use local properties to

provide segmentation boundaries.

Have challenges capturing fine
details

May experience
undersegmentation or
oversegmentation due to noise
and artifacts.

Large and complex datasets arc

computationally intensive.

“zich-based techniques

s Patch approach

extraction

* Fixed and random patch

Contextual and spatial dependencies
are captured.

Not affected by complex patch
relationships.

Employed for detailed analysis of

image features.

Large images make it
computationally expensive.
Large volumes of training data a
required to obtain meaningful
patch representations.

Affected by patch size variability

and misalignment.

Siiding window technique

Applicable to a wide range of image
segmentation tasks.

Window size and stride can be
adaptively adjusted.

Give local context and spatial

information.

Computationally expensive for
large images.

Window size and stride need to |
carefully selected to achieve
accuracy and reduced
computational cost.

May introduce artifacts or
boundary effects at the edges of

windows.

Deep-learning techniques

e  U-Net segmentation
* Conditional Generative

Adversarial Network

Able to learn complex mappings
from input images.
Can capture intricate patterns and

variations in data.

Large volumes of annotated date
are needed for training.
Computationally intensive in

training and inference phases.
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¢ Encoder-Decoder e  Achieve better performance on e Decision-making lacks

¢ Modified U-Net
*  Full Resolution
Convolutional Network

e Deep Belief Network

Architecture many segmentation tasks. transparency and interpretability.

D-DWT e Robustness to noise o Artifacts affect sensitivity
¢  Allows multiresolution analysis s May lack interpretability
e  Effective feature extraction compared to other simple
techniques.

* Computational complexity

relatively high.

ular Neural Network e  Robustness to noise o Lacks interpretability

e  Adaptive learning e Prone to overfitting .
e  Capable of performing nonlinear e Requires large volumes
processing annotated data for training

= 4 Classification algorithms

researchers commonly rely on deep learning techniques, including ResNet, AlexNet,
“enseNet, Inception, and transfer learning, and graph convolutional neural networks (GCNs). This
2ld be attributed to the fact that, typically, deep learning algorithms and CNNss are effective at
=torming image classification tasks and automatically learn features from raw images,

inating the need for other feature extraction methods engineering, such as handcrafted

a-resolution images can be computationally expensive and may require large volumes of
ing data. The transfer learning approach achieves good performance with limited labeled data
- leverages large datasets to pretrained models and fine-tune models on smaller domain-specific

ets. When dealing with significant differences in sources and domains, the model may not
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fer well, and fine-tuning must be performed with care to prevent overfitting and underfitting.
¢ algorithms can handle image regions and irregularly structured data and thus are well suited
use with graph-structured data. The algorithm may lack generalizability due to differences in
modalities and the requirement of specialized architectures and training procedures.

Is are less prone to overfitting and can use kernel functions to effectively handle nonlinear
relationships; however, they require feature extraction techniques and are sensitive to the
«ce of kernel and parameters, which may affect performance. Ensemble methods can capture
e data patterns, are robust to overfitting and produce improved performance due to the
ination of predictions of multiple classifiers, although the selection and combination require
wul consideration. Compared to some single models, these models may not always provide
ificant performance gains and can also be computationally intensive. The logistic regression
ithm is easy to implement, easy to interpret and simple. However, the algorithm may not be
tive when dealing with complex data pattern nonlinearity.

addition to other combinations, deep learning techniques have been used in diverse approaches
the diagnosis and classification of breast cancer. The strengths and weaknesses of each

ique used to classify breast cancer depend on certain computational factors, such as the nature

size of the dataset and the specific requirements of the classification task.

=5 Performance Matrices

ssment of the effectiveness and reliability of the classification of the developed models is an
tial part of model usability. Therefore, most of the researchers used the confusion matrix, a
¢ that addresses the predicted and actual classifications of a model. The researchers used the

sion matrix to determine the accuracy, sensitivity, specificity, area under the curve (AUC),

66




i receiver operating characteristic (ROC) curve. These metrics provide insights into different
ects of the performance of the models.

%= performance matrices demonstrated that the Al models improved the accuracy, sensitivity and
kcificity of breast cancer diagnosis and classification compared with manual analysis, which
erkedly yielded different conclusions than automated assessments, particularly in cases of
=xpected observations, as reported by Gao et al. (2021) [155]. This approach proved effective
i identifying abnormalities that may be missed by radiologists, thus enhancing breast cancer
#ection and efficiency, which makes it an ideal tool for use in resource-constrained settings such
ithose in Africa.

%= study showed significant differences in performance across different studies, in which the
kuracy ranged from 62% to 99%, 72.2% tb 98.60%, and 85.38% to 99.9% for single, double,
i multiple datasets, respectively. These findings demonstrated that the infusion of AI models
rthe diagnosis of breast cancer has achieved improved accuracy, and the use of large and diverse

Easets achieved slightly improved performance accuracy.

8 Emerging Trends

te studies included in this research relied on centralized datasets such as MIAS and DDSM,
mich led to biases where private datasets outperformed public datasets. Federated learning is a
zentralized machine learning technique in which many clients that store data locally train a
pbal model. To improve data privacy and security, only model updates, not raw data, are
changed. Using federated learning could aggregate insights from diverse datasets to reduce bias
d improve model robustness [156].

major limitation in the current studies is.the dependency on annotated data. Self-supervised

arning (SSL) models learn from unlabeled data by completing pretext tasks that cause the data
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produce supervisory signals. The need of labeled data is frequently reduced when SSL fills the
» between supervised and unsupervised learning. Employing SSL could boost performance by
!ﬁcproving feature extraction from small datasets like MIAS [157].
" current studies revealed that breast cancer diagnosis mostly relies heavily on deep learning
fmodels such as CNNs and SVMs, achieving accuracy between 80-99%, but with performance
| ariability across datasets. Transformer models are self-attention-based deep learning architectures
{8t handle sequential input efficiently without the need for repetition. It offers significant potential
I capturing long-range dependencies in mammograms, which is important in identifying subtle
[&sions. It employs self-attention mechanisms to analyze global context that improve
[ ===eralization across datasets such as MIAS and INbreast. Exploring CNN-transformer ensembles
{=n help balance accuracy and efficiency [158].
{2 current models in the study prioritized accuracy instead of interpretability which hinders

\imical trust. Explainable AI (XAI) helps comprehend the internal workings and outputs of

Isachine learning models. Increased accountability, transparency, and trust are the goals of XAI,

icularly in high-stakes industries like healthcare. XAl techniques such as Attention maps,
pley Additive exPlanations (SHAP) values, and Gradient-weighted Class Activation Mapping

=ad-CAM) can be used to clarify model decisions [159].

" Clinical Implications and Challenges of Implementation

clinical implications of these findings suggest that African populations, whose breast cancer
riality is expected to rise, are underrepresented in the majority of available databases. This
fuces the model's usefulness in areas with high needs. Also, cross-institutional data sharing is
ded by HIPAA/GDPR compliance challenges. Federated learning, which has potential, needs

| sandardized protocols before it can be used in clinical settings.
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= segmentation approaches present varying effectiveness and practicality tradeoffs in clinical
‘=ttings.  Traditional thresholding techniques achieve moderate accuracy (85-92%) but
smonstrate significant limitations in dense breast tissue cases, where sensitivity can drop by 50%.
hile deep learning methods offer superior accuracy (92-98%), their implementation requires 3-
“mes greater computational resources, creating barriers for widespread clinical adoption. Hybrid
oroaches strike a middle ground with 94-97% accuracy, though their complex integration
. =quirements with existing PACS systems often hinder deployment. These differing performance
o acteristics and implementation challenges highlight the importance of matching technique
“==ction to specific clinical needs and infrastructure capabilities.

“hough Al models typically outperform human analysis in the classification of breast cancer,
e are obstacles to practical application. Compared to controlled lab studies, these models
merate 22% more false alarms when evaluated in a real hospital setting, as reported by Gao et al.
=220). The advanced models are more accu‘rate but need much more patient data td work well,
=n double what older systems required. While these advanced models can identify cancers with
r 95% accuracy, doctors hesitate to use them because of the unexplained decision-making
wcess. This is why many clinics still rely on simpler, less accurate systems that are easier to
“erstand and use in daily practice. For Al to truly help patients, systems need to be both highly

urate and explainable.

! Future Directions

ure research can explore deep learning techniques and multiple datasets to enhance model
weralizability. Researchers can benchmark transformers against deep learning model on public
asets and explore hybrid architectures to balance accuracy and efficiency. Researchers can

‘ude SSL pretraining on multi-modal data and integrating SSL with transformers for more data-
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cient learning. The use of standardized XAI metrics can be integrated into models by

archers to enhance real-time clinical workflow.

Chapter Summary

is chapter has presented a rigorous, systematic review of Al applications in breast cancer
gnosis from mammograms, analyzing 300 studies published between 2008 and 2023. Key
ings reveal that deep learning approaches, particularly CNNs like ResNet and DenseNet, have
ome dominant in recent years, achieving classification accuracies up to 99% when combined
advanced preprocessing techniques such as CLAHE. The review identified significant
iability in model performance depending on the datasets used, with private datasets generally
ding higher accuracy of 99% compared to public benchmarks like DDSM/CBIS-DDSM
5%). Emerging trends, including federated learning, transformer architectures, and explainable
(XAI) methods show promise for addressing current limitations in data privacy, model
ralizability, and clinical interpretability. However, implementation challenges persist,
icularly regarding computational resource requirements, integration with clinical workflows,
the need for more diverse training datasets that include underrepresented populations. The
ings underscore both the transformative potential and current limitations of Al in

ography, providing a foundation for future research directions aimed at developing more

t, equitable, and clinically-adoptable diagnostic systems.
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Chapter 5: Breast Cancer Diagnosis based on Handcrafted
Features and Enhanced VGG19

Introduction

chapter introduces a novel hybrid deep learning framework that combines handcrafted
res with an enhanced VGG19 architecture to improve mammographic image analysis. Section
- establishes the theoretical basis for handcrafted feature extraction and its clinical relevance to
RADS criteria, while Section 5.3 details the architectural modifications to VGG19, including
ir mathematical formulation. Section 5.4 presents the experimental methodology and validation
tocol, and Section 5.5 analyzes the comparative results and discusses their clinical implications.
integrating domain-specific feature engineering with deep learning, this approach addresses
challenges in medical image analysis, offering both improved performance and enhanced

rpretability for breast cancer diagnosis.

Handcrafted features

dcrafted features are traits or qualities that are obtained by computer methods from data
ded in mammograms [160]. Handcrafted features include gray-level difference, run-length
co-occurrence matrices; shape and margin features such as lesion area, circularity and
ulation; breast density percentage, density asymmetry, and qualitative density patterns for
sity features, microcalcification features which include size and shape of microcalcifications
clustered microcalcifications [161].

dcrafted features capture specific patterns from mammograms that are relevant for detecting
ormalities by leveraging domain knowledge expertise. These features extracted using
dcrafted techniques are comparably easier to interpret than features automaticall); learned by

learning models. Handcrafted feature techniques are computationally less intensive and
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sctively train models without the need for large amounts of data. Models trained using
dcrafted features have fewer parameters and therefore experience a reduced risk of overfitting
=, 162-165]. Several authors have suggested the incorporation handcrafted features with
learned features.

z-Ramos et al. (2023) used deep learning and handcrafted features to segregate benign and
znant tumors from mammograms and ultrasound images. The images were preprocessed to
=in a lesion mask by segmentation. Deep learning and handcrafted features were extracted from
images. Employing multiple classifiers, the hybrid system achieved performance accuracies
mini-DDSM and BUSI datasets of 97.6%, 98% and 98% for accuracy, precision and recall
sectively [166].

=p learning features and handcrafted features were used to boost model breast cancer
ssification by Sajid et al. (2023). The framework integrated HOG and LBP with deep learning
ares into a CNN model to enhance classification. Experimental findings on CBIS-DDSM
=ded an accuracy of 91.5% [167].

mes et al. (2022) improved the identification of mammogram abnormalities by maximizing the
mbination of deep transfer learning and handmade characteristics. The approach employed
omatic feature extraction from the region of interest (ROI) surrounding the lesions using two
16 models. Five linear SVMs are then constructed using the two sets of automated features
m VGG16, along with carefully selected handcrafted features. The model's AUC of 0.756 +
2 indicated that both features included valuable information about breast classiﬁcatioﬁ [168].
k2 study conducted by Joseph et al. (2022), Hu moments, Haralick textures, and colour
sograms were used in the training of DNN classifiers. Experimental findings on

stopathological images from the BreakHis dataset yielded 97.87% accuracy demonstrating that
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“acorporation of handcrafted features with DNN classifiers outperformed other approaches in
st cancer multi-classification [160].

ale et al. (2021) employed features from VGG16, VGG19, ResNet50, and GoogLeNet with
afted features to categorized breast cancer. These extracted features are subsequently
wded with the Locality-Constrained Linear Coding (LLC). The model was classified using a
« and yielded a maximum accuracy of 92.88% [169].

dcrafted features were coupled with deep features to categorize breast tumors in ultrasound
zes by Daoud et al. (2020). To enhance classification efficiency, the collected deep features
coupled with manually created morphoiogical and texture features and processed through

e selection. The proposed method yielded 96.1%, 95.7% and 96.3% for mean accuracy,

sitivity, and specificity respectively [170].

= VGG19

=p Learning has evolved and several foundation models exist, including ResNext, Inception,
mseNet, and EfficientNet. However, their applicability depends on the task. VGG19 is a 19-
er deep convolutional neural network made up of 3 fully connected layers and 16 convolutional
ers, for image classification into 1000 object categories. The neural network increases depth by
l ploying a 3 x 3 small convolution filters. VGG19 runs with a 224x224 input size and is ;trained
h an ImageNet database, which contains one million images split into a thousand classes.

= architecture leverages 16 convolutional layers organized into 5 sets, with a max-pooling layer
=r each set. Additionally, 3 fully connected layers are used for classification [171].

5G19 is a deeper variant of VGG16, with 3 additional layers and was adopted for this specific

udy because it has a uniform architecture which makes the model easier and simpler. This is

sportant for breast cancer images, as the consistency and simplicity of the model help in
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ly identifying and classifying abnormalities. With 19 layers, as shown in Figure 5.1,
< 19 might perform sufficiently well for a specific task without the need for additional
xity which makes it suitable for transfer learning [172, 173].

: approach hence integrated handcrafted feature extraction techniques (HOG, LBP, Gabor filter

Haralick texture features) with an enhanced VGG19 network classifier for breast cancer

224x224X64

113X3112X128

S56X56X256

28M28XS12
- 12%18%512 |
7x7%512 |

Maapool (2x2) Maxpool {2X2] , PMaxpool {2X2) Maxpooi [2X2] Maxpool (2X2)

Filter = G4 Filter - 128 Filter = 256 Filter = 512 Filtar = 522 Spe—anis

I%3cony 3 %3 conv 3% 3 conv 3% 3 conv 3% 3 cony Pooling = Average
onv2D1_1 conv2Dl 1 conv2D3_1 conviDa_1 conv2D5_1 FCL
conw2D1 2 conv2Dl_2 conwiD3_ 2 conv2Da 2 convIDs 2 FC2

conv203_3 conviDa_3 conv2Ds_3 Slam ~ 1000

conviD3_4a conviDa_4 conv2D5_a Soremax

Figure 5.1: VGG19 Architecture [Adopted from [174]
r Methodology

1 Dataset

.this approach, experimental analysis was conducted using the CBIS-DDSM database. CBIS-
M? is an open-resource mammography database. This dataset is a revised iteration of the
M, encompassing 2620 mammograms meticulously examined and annotated by radiologists

expertise in the field [94]. From the dataset, 440 mammograms were selected, including

__h:s:llwww.kaggle.conﬂdatasetslawsaﬂ!?/cbis-ddsm—brcastvcancer-image-dataset
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mign and malignant images from either medio-lateral oblique (MLO) or cranio-caudal (CC)

zast scans. These images consist of 240 images analyzed as benign and 200 images as malignant.

- £.2 Image Preprocessing

this research, the Contrast-Limited Adaptive Equalization (CLAHE) technique is employed for
age enhancement. CLAHE is a form of adaptive histogram equalization (AHE) technique that
‘, =s all image details and improves local contrast. CLAHE computes and trims the histogram of
region at a preset threshold and the tfimmed intensity values are redistributed across the
stogram bins. This process results in a modified histogram compared to the original one. It helps

alleviate the issue of over-enhancement in the processed images and effectively addresses the

ze-shadowing effect seen in AHE [175, 176].

3 Feature Extraction

= texture of an image holds crucial information for many types of images. Based on the

domness level, the texture is grouped into sporadic and regular stochastic. The sporadic

rzanization of the basic portions of an object represents the regular texture whereas the stophastic

the random arrangement of the basic portions [177]. To improve the reliability, and robustness
reduce the model training time, handcrafted feature extraction techniques were employed.

ar handcrafted features namely; HOG, LBP, Gabor filter and Haralick texture features are
ployed in the research. The features extrécted are concatenated into a one-dimensional single
sture vector to ensure the usage of all extracted information [178]. The accuracy of detection
object recognition is enhanced by combining shape, texture and pattern features which also
ages texture descriptors to improve classification performance.

= HOG technique operates under the assumption that the histogram of edge orientations or local

ensity gradients inside a dense grid can describe local appearance and form features. This
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sthod merges structural and statistical approaches, enabling the capture of the distribution of
egorized mass structures [179]. The HOG technique is used to capture the edge and contour
“entations. It focuses on the structure or shape of the image and computes features using the

znitude and angle. It converts the mammographic image by simplifying the image data and the
ensity gradients. The technique computes the gradients into histograms of orientation for each
el cell. The cells are grouped into 2x2 blocks and normalized to improve the light variation
tness. The HOG features extracted are efficient and contain compact mammographic
sormation [180]. The gradient is determined for each pixel (x,y) is computed as expressed in
muations 5.1 and 5.2 [181]:

G (%57} = N+ 1,9 —J(@—1,5) (5.1)
Gy(x,y)=1x,y+1-I(x,y—-1) (5.2)

where at position (x, y), intensity is I(x, y).

e image is divided into cells and the orientation 8 (x,y) is quantized into a histogram with n
=s. Each bin’s contribution is weighted by the magnitude M (x, y) as demonstrated in equations

=3 and 5.4.

6 (x,y) = arctan (%) (5.3)
M(x,y) = \/Ex(x-y)z + Gy(x,y)* (5.4)

2= LBP creates a binary number by thresholding the neighboring pixel values for the core pixel
zlue. These LBP codes are computed for every pixel in the image, creating a matrix that is
“ubsequently employed to derive texture features. Typically, the LBP operator uses a 16-pixel
=ighborhood, producing 243 different rotation-invariant circular symmetry patterns and 65,536

' 2'%) unique output values. These descriptors are quantified using the LBP output values in two-
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ensional histograms [182]. For a given pixel (x,y) in an image with intensity /(x,y) and a

ius R with P surrounding pixels, the LBP is computed as shown in equations 5.5 and 5.6 [183]:

LBP(x,y) = 25258 (I, — 1(x,%)). 27 (5.5)
re the intensity of the p” surrounding pixel is I, and Sy is the sign function.
1ifx=20
S = {oif ¥ <o (5.6)
r filters have been demonstrated to be accurate and robust feature detectors in image
essing. It is a linear filter for texture analysis and edge detection. Gabor filters are an effective
ique for characterizing the textural characteristics of masses at multiple scales and
=ntations because they can be adjusted to varied orientations and scales [184]. The Gabor filter

2 Gaussian kernel that is sinusoidally modified by a plane wave in the spatial domain. The

x,y) is expressed in equation 5.7 as described in [185]:

G(x,y) = exp (222 cos (2n X + ¢) (5.7)

202
where x' = xcos8 + ysiné,
y'= —xsinf +ycosf

wavelength A represents the sinusoidal factor, the orientation (8), the phase offset is (¢), the
dard deviation (o), and the spatial ratio ( y).

lick texture features are statistical measures for quantification of the texture of an image using
Gray Level Co-occurrence Matrix (GLCM). By taking into account the spatial relationship
veen the pixels, GLCM computes the image's statistical properties. Haralick texture estimates

CM using grayscale pixels. The Haralick texture features include determining the contrast,

imilarity, homogeneity, angular second moment (ASM) and correlation between pixels [186].
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Fmensional histograms [182]. For a given pixel (x,y) in an image with intensity /(x,y) and a
Tliius R with P surrounding pixels, the LBP is computed as shown in equations 5.5 and 5.6 [183]:
LBP(x,y) = $525S (I, — 1(x,3)). 27 (5.5)
T'i:ere the intensity of the p™ surrounding pixel is I, and Sy is the sign function.

Sy = {oifx<o (5.6)
{==bor filters have been demonstrated to be accurate and robust feature detectors in image

[rocessing. It is a linear filter for texture analysis and edge detection. Gabor filters are an effective

hnique for characterizing the textural characteristics of masses at multiple scales and
:entations because they can be adjusted to varied orientations and scales [184]. The Gabor filter
a Gaussian kernel that is sinusoidally modified by a plane wave in the spatial domain. The

5(x,y) is expressed in equation 5.7 as described in [185]:

x'24y2y'2

G(x,y) = exp (— T—) cos (2155;:- + (o) (5.7)

where x’ = xcos8 + ysin#,

y'= —xsinf + ycos8
"“he wavelength A represents the sinusoidal factor, the orientation (), the phase offset is (¢), the
wandard deviation (o), and the spatial ratio ( y).
“aralick texture features are statistical measures for quantification of the texture of an image using
2= Gray Level Co-occurrence Matrix (GLCM). By taking into account the spatial relationship
setween the pixels, GLCM computes the image's statistical properties. Haralick texture estimates

“LCM using grayscale pixels. The Haralick texture features include determining the contrast,

“ssimilarity, homogeneity, angular second moment (ASM) and correlation between pixels [186].
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r a given distance d and direction 6, the incidence of pixel pairs with intensities i and j is

wesented by the GLCM P(i, j, d, 6) are expressed in equations 5.8 to 5.12 [186].

Contrast (Con) = %, ;(i — j)* P(i,)) (5.8)
Dissimilarity (Dis) = X;,li — jl P(i, ) (5.9)
. _ P(i])
Homogeneity (Hom) = ZUW (5.10)
Energy (ASM) X;; P(i — j?) (5.11)

Zi,j(1JPGLD) - txtty
0x0y

Correlation (Cor) = (5.12)
t.4 Combined Features

ppose the extracted HOG feature vector that represents the distribution of gradient orientations

localized parts of the image, is illustrated in equation 5.13 as;

(5.13)

H(1,1,1)  H(1,1,2) H(mmn,B) ]

fro = [\/EH2+62’J):H2+EZ""'\/W
were H(i, j, b) represents the histogram value for bin b in cell (i, ), and the summation in the
nominator is over all histograms within the current block.

i output histogram of the LBP can be determined as shown in equation 5.14;

P= Z Lipy) = 0, s Z 1_LBP(x.y) = 255, ..., Z 1iap(ey) = 0h s z Lige (5.14)
x,yecellq

x,y€celly x,y.Ecelly x,y.Ecelly

rere each summation represents the count of a particular LBP code in the respective cell.
ie feature sets extracted by filtering the image with the Gabor filter at various scales and

ientations are expressed in equation 5.15:

fo= [Z M (9)) D My 9, ) Ml y)] (5.15)
xy xy xy

sere M;(x,y) is the magnitude of the response of i Gabor filter.
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e sets of Haralick texture features obtained from the GLCM are illustrated in equation 5.16:
fuaraiick = [Con, Dis, Hom, ASM, Cor] (5.16)

gle comprehensive vector F for the enhanced custom VGGI19 classifier is obtained by

:atenating the various handcrafted features are expressed in equation 5.17 as:

fcombinea = [fHOG: fiee: for [ Harah‘ck] (5.17)

Proposed Enhanced VGG19 Model

: proposed breast cancer classification model from mammographic images is composed of four
s: (i) extraction of mammographic features using handcrafted feature extraction techniques,
extraction of mammographic features using VGG19 as a feature extractor, (iii) integration of
: selected features into a single vector; and then (iv) classification with an enhanced VGG19 as

strated in the pseudo-code flow chart below in Figure 5.2.

Combined
Feature
Vector 5

i
|

Malignant

Combining Custom
features Model

Enhanced
VGG19 - Benign

Figure 5.2: Pseudo-code flow chart of Proposed Model

~ Concatenated

this method, VGG19's convolutional layers derive features from the image, which are then
attened into a one-dimensional vector. The manually extracted feature vectors (HOG, LBP,
bor, Haralick) are concatenated with the VGG19 feature vector. Specifically, fyoq captures the

adient and edge information of the image, f;pp records the local texture patterns by comparing
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& pixel with its neighborhood, f;; captures the image texture at multiple scales and orientations
i Gabor filters, and fyqra1icr determines the spatial relationships and texture information from
LCM. The enhanced neural network takes both VGG19 features and the combined feature

for as input, concatenates them, and feeds them into a number of dense classification layers.

Data Augmentation

£ augmentation was employed to artificially increase the size and diversity of the training
=1, which is a proven technique to reduce overfitting and improve the model's ability to
eralize to new, unseen medical images. This was achieved by applying a series of random
sformations to the original data. The training dataset was randomly rotated by 20 degrees and
fed by 0.1 horizontally and vertically to ensure the model recognizes lesions in different
mtations and positions. A skew and an appropriate zoom of 0.1 respectively were applied to
ble the model to handle shear distortions and variations in the scale of the objects within the
ges. The brightness of the dataset was adjusted between the range of 0.95 and 1.05 to make the
%l robust to different lighting conditions and scanner calibrations. A horizontal flip was
Hed to allow the model to recognize | horizontal orientations, a crucial step given the
metrical nature of bilateral mammography. Finally, fill mode to the nearest was used to ensure
‘newly created pixels from transformations were filled with the nearest pixel value to maintain
sistency in the appearance of the augmented data and avoid introducing artificial edges. Table

shows the data augmentation parameters applied over 50 epochs.
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Table 5.1: Data Augmentation of Training Data over 50 Epochs

Dataset Number Images Data Augmentation
Training (352) e Benign — 200 4576

e Malignant — 152
Test (44) ¢ Benign —20 44

Malignant — 24
Benign —20 44
Malignant — 24

Validation (44)

Total = 4,664

7 Model Evaluation

this study, the suggested model's classification performance was assessed using the confusion
ix. Table 5.2 displays the counts of True Positives (TP), True Negatives (TN), False Positives
), and False Negatives (FN) in the confusion matrix which were used to determine the accuracy,
itivity, and specificity.

Table 5.2: Confusion Matrix Table

Predicted Positive Predicted Negative
Actual Positive TP FN

Actual Negative FP TN

efficiency of the classification process was assessed using the curve of Receiver Operating
acteristics (ROC) (AUC). It is a curve that is centered on the True Positive Rate (TPR) and
e Positive Rate (FPR) produced by threshold decision adjustment which is the decision

dary that determines the classification of a prediction as positive or negative.

Results and Discussions

dataset from the CBIS DDSM database was used to train the suggested model. Three sets of

dataset were generated; a training set (80%), a testing set (10%), and a validation set (10%).
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training set was subjected to data augmentation and used to train the enhanced VGG19 model.
handcrafted features are extracted from the mammograms and these features are converted
a one-dimensional vector. Additionally, features extracted using the VGG19 are converted

a one-dimensional vector. Both features are then concatenated into a single vector for
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observed that the enhanced VGG19 model had the training and validation loss both declined
idly in the first few epochs as the model quickly learned from the significant characteristics in
training data as has also been reported in other studies by Zheng et al. (2018), [kechukwu et al.
1) and Wangdi et al. (2022) [187-189]. The validation and training lines decreased and seemed
converge as the model learned from features in the data. The model, however, experienced some
tions due to the randomness in the data, but this was minimized by implementing techniques
as regularization to reduce model complexity, lower overfitting risk by using dropout layers,
ting the dynamic learning rate, employing early stopping and data augmentation. The
tion and training losses were quite close to each other around the 25" epoch, suggesting that
‘model had generalized well without overfitting to the validation data, as shown in Figure 5.4.
enhanced custom VGG19 model demonstrated effective learning as evidenced in the
asing training and validation loss values indicating good model generalization, especially for
t X-ray images as stated by Singh et al. (2024), Alkhaleefah et al. (2020) and Khan et al.

19) [190-192].

Mode! Loss Model Accuracy

= Train ¥3 = Tran i
8.754 —— Vahdation ~ Validation |

Accuracy

0 5 10 15 20 25 0 5 1 15 20 25
Epoch Epoch

Figure 4: Model Loss and Accuracy of Model
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ests the model prioritizes sensitivity over specificity, which is clinically appropriate for cancer
ning; where missing a true case (false negative) is more critical than occasional false
itives. Meanwhile, negative cases shows high precision of 0.88 but lower recall of 0.65,
ing the model is confident when predicting "no cancer" but misses 35% of true negatives.
overall accuracy of 80% reflects balanced performance, but the macro and weighted averages
precision value 0.81, recall of 0.78-0.80, and Fl-score of 0.79, reveal slight class imbalance
ects. The higher Fl-score for positive cases of 0.83 against 0.74 for negative cases confirms
er performance in detecting malignancies as illustrated in Table 5.3.

Table 5.3: Validation Classification Performance

Precision Recall F1-Score
Benign 0.88 0.65 0.74
Malignant 075 092 0.83
Accuracy 0.80
Macro average 0.81 0.78 0.79
Weighted average 0.81 0.80 0.79

classification metrics demonstrate a model with balanced but imperfect performance in
inguishing between negative and positive breast cancer cases. For negative (no cancer), the
el shows stronger precision of 0.81 than recall (0.65), indicating that while its negative
dictions are reliable, it misses 35% of actual negative cases. Conversely, positive (cancer)
ibits higher recall of 0.88 than precision of 0.75, revealing the model's design priority to capture
st cancer cases at the cost of some false positives. The Fl-scores of 0.72 and 0.81 for negative
positive respectively confirm better balanced performance for cancer detection.

“he overall accuracy of 77% reflects moderate effectiveness, with macro and weighted averages
lustering around 0.77-0.79, suggesting relatively balanced class distribution in the dataset. The

model's current configuration appears optimized for clinical sensitivity rather than specificity,
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ing it more suitable for screening applications where missing true cancers is more
quential than false alarms. However, the significant gap between negative recall and positive
ision highlights opportunities for improvement through feature engineering, additional
ming data for negative cases, or threshold adjustments to better align with specific clinical
irements as demonstrated in Table 5.4.

Table 5.4: Test Classification Performance

Precision Recall F1-Score
Benign 0.81 0.65 0.72
Malignant 0.75 0.88 0.81
Accuracy 0.77
Macro average 0.78 0.76 0.79
Weighted average 0.78 0.77 0.77

ROC curve analysis reveals important insights about the model's diagnostic capabilities and
ralizability. With a validation AUC of 0.82 and test AUC of 0.80, the model demonstrates
ng and consistent performance in distinguishing between positive and negative cases across
datasets. The minimal 2% difference between validation and test AUC scores indicates
ellent model stability, suggesting the algorithm has successfully learned generalizable patterns
ithout significant overfitting to the training data. This performance level is particularly valuable
medical applications like breast cancer detection, where an AUC above 0.8 is generally
idered clinically useful. The high true positive rates (reaching 0.8) combined with controlled
¢ positive rates show the model effecti;/ely balances sensitivity and specificity, making it
itable for screening scenarios where both detecting true cases and minimizing unnecessary
llow-ups are important.

e curves' trajectories provide additional diagnostic information about the model's behavior. The

wrong initial rise in true positive rate relative to false positive rate suggests the model maintains
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sensitivity even at conservative classification thresholds, which is crucial for life-threatening
ditions like cancer where missed diagnoses carry severe consequences. The gradual flattening
the curve at higher thresholds indicates the model's diminishing returns in specificity gains,
lying that pushing for extremely low false positive rates would come at the cost of missing
re true cases. This characteristic reinforces the model's appropriateness as a screening tool
re the priority is to flag potential cases for further examination rather than make definitive
noses. The ROC curves across both validation and test sets, as illustrated in Figure 5.6 gives
idence that the model would perform reliably when deployed in real-world clinical settings

similar patient populations.

Validation ROC Curve Test ROC Curve

Tue Positive Rate

—— ROC curve (area = 0.82)

P | e ROC curve (area = 0.80)

00 02 04 0.6 0.8 10 0.0 02 0.4 056 08 10
False Positive Rate False Positive Rate

Figure 6: The Validation and Test ROC curve of the Model
Future Trends

onificant opportunities exist to enhance mammography-based diagnostic systems through
timodal data integration. Future research could substantially improve diagnostic accuracy by
mbining mammograms with complementary imaging modalities such as ultrasound or MRI,

ng with relevant clinical data including patient history and genetic markers [193]. Such hybrid
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roaches that fuse quantitative imaging features with deep learning have shown particular
mise in recent studies.

¢ development of explainable Al (XAI) systems using visualization techniques like Grad-CAM
SHAP will be critical for clinical adoption, as they provide transparent decision-making
cesses that build clinician trust [194].

ivacy-preserving approaches such as federated learning offer solutions to data sharing challenges
v enabling model training across decentralized datasets while maintaining patient confidentiality
95]. This method could facilitate unprecedented multi-institutional collaboration while
mplying with data protection regulations.

arthermore, optimizing these systems for edge Al deployment on portable devices would enable
-time analysis capabilities, particularly valuable in resource-limited settings where access to
ranced imaging infrastructure is constrained. Together, these advancements represent a

mprehensive roadmap for developing more accurate, interpretable, accessible, and privacy-

nscious diagnostic systems in breast imaging.

.10 Clinical Implications and Limitations

The proposed model demonstrates significant clinical potential, particularly in enhancing early
oreast cancer detection. With a sensitivity of 0.916, the system effectively minimizes false
aegatives, facilitating timely intervention and potentially improving patient survival rates [196].
s a decision-support tool, the model could function as "second reader" for radiologists, reducing
Siagnostic workload while mitigating interpretation variability. Furthermore, such automated
systems may address critical healthcare disparities by bridging diagnostic gaps in resource-limited
segions where access to trained radiologists remains scarce [197]. However, the ethical

Zeployment of this technology necessitates rigorous validation across diverse populations,
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luding variations in breast density and ethnicity, to ensure equitable performance and minimize
orithmic bias.

pite these advantages, the model’s training on the dataset raises concerns about
eralizability, as performance may degrade when applied to external datasets or rare cancer
types. Additionally, the reliance on handcrafted features introduces complexity, requiring
ialized domain expertise and potentially limiting adaptability compared to end-to-end deep
ing approaches. Most critically, the model’s specificity of 0.65 implies a 35% false-positive
, which could precipitate unnecessary biopsies, increased healthcare costs, and patient distress.
se limitations underscore the need for continued refinement, including expanded datasets,
imized architectures, and threshold calibration to balance sensitivity and specificity in clinical

tice.

2 Chapter Summary

is research was aimed at enhancing the classification performance of mammograms by
bining handcrafted feature extraction techniques with an enhanced VGG19 model. 440 images
¢ obtained from the CBIS-DDSM database and augmented for training the model. The images
e preprocessed using the CLAHE technique to improve the local contrast and mitigate over-
cement issues. The combination of HOG, LBP, Gabor filters and Haralick texture features
ich captured various structural and textural properties into a single vector and VGG19 extracted
res were concatenated to provide a rich and comprehensive feature set for the training of the
posed model. The model yielded validation and test AUC of 0.82 and 0.80, respectively,
ecting its good discriminatory power. The model's capacity to correctly identify both benign
malignant instances was demonstrated by sensitivity values of 0.875 for validation and 0.916

r testing, as well as specificity values of 0.65 for both validation and testing.
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renhanced VGG19 model with the integration of image preprocessing and features extracted
1g the handcrafted feature extraction techniques has demonstrated effective and robust
formance in classifying mammographic images. The model's excellent sensitivity and AUC
1es suggest that it may be used to reliably and accurately identify malignant cases, which is
iortant for breast cancer treatment and early diagnosis.

: leveraging of both handcrafted features and deep learning has proved to offer balanced and
iprehensive data for analyzing mammographic images. Future work could explore further
rrovements in specificity and overall accuracy, as well as ensure real-world usability by testing

model on bigger and more diverse datasets.
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Chapter 6: Breast Lesion Visualization using CycleGAN

Introduction

s chapter deals with categorization of breast lesions by the application of CycleGAN with an
emble feature extraction approach. It involves, image preprocessing using CLAHE, Generative
versarial Network (GAN), Cycle-Consistent Generative Adversarial Network (CycleGAN),

wre extraction, results, discussions, future trends and clinical implications and limitations.

Generative Adversarial Network (GAN)

> dual-contending neural network models, the Generator (G) and the Discriminator (D), make
the deep generative model known as Generative Adversarial Networks (GANs) [198]. The
ersarial training of the G and D models ﬁaimizes the comparison between the data produced
G, as well as the probability that D will be able to identify the source of the training samples.
wo-sided game issue, including the minimization and maximization of the value function, or
GAN's loss function, can be used to describe the training of D and G as demonstrated in

lation 6.1 below [198].
lﬁin mgn V(D,G) = Ex~paata (x)[108 Dx)] + Ez~pz(z) [log(1 — D (G(z))))] 6.1
lere Dy is the likelihood that x is real and G the output at a given noise z.

e to the continuous competition between the discriminator and generator, GAN training is
ersarial. The discriminator needs to get better at distinguishing the difference between real and
e as the generator gets better. As a result of this ongoing development, both networks eventually
ome more complex. Theoretically, training leads to a Nash equilibrium, or Dy = k for
Ty X, where the generator generates perfect fakes that the discriminator cannot d‘iscern from

ual data, however, attaining this ideal equilibrium is difficult, and k is a constant [81].
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Cycle-consistent Generative Adversarial Network (CycleGAN)

leGAN is a GAN variation intended to translate images without paired images. Without
iring a direct relationship between images in the two domains, CycleGAN allows images to
transformed. It forces the generators to maintain the content of the original images while
ging their domain. The output x from Domain X should be comparable to its original image
G(y))) after translation by Domain Y using G and then to Domain X using F as expressed in

ation 6.2 [199].

L.(G,F) = Ex-Pdata(x)["F(G(x)) - x”'] (6.2)

ilarly, given the output y from Domain Y, translating it to Domain X using F and then to
ain ¥ with G should result in an image that is sufficiently close to the original image y as

wn in equations 6.3 and 6.4.

Le (F,G) = Ey~paatan[|F(Gm)) = Y| (6.3)
The overall cycle consistency loss is given by:

Ltotar(G, F) = L¢ (F,G) + L. (F, G) (6.4)
guarantee that the generated images are realistic, CycleGAN incorporates adversarial loss from
generative model alongside the cycle consistency loss as shown in the equation below. To
se the discriminator Dy, the generator G strives to produce images (x) that seem to come

m Y Domain as illustrated in equation 6.5.

Loan(G, Dy, X,Y) = Ey-paataiy[108 Dy(N] + Ex-puatac 108 (1= Dy(G))] (65
e objective of the generator F is to produce images F(y) that deceive the discriminator D, into

lieving that these images originate from domain X. The adversarial loss for the generator F

d discriminator D, is expressed in equation 6.6 below.
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6an(F, Dy, Y, X) = Ex_pgata(x)[l0g Dy(x)] + Ey~paatay) [108 (1 - Dy(G(x)))] (6.6)
cle consistency loss and adversarial loss combine to form the entire objective function that
cleGAN optimizes as demonstrated below in equation 6.7 [199].

(G,F,D.Dy) = Lgan (G, Dy, X,Y) + Lan(F, Dy, Y, X) + ALc(G, F) (6.7)
cleGAN has achieved impressive results in improving image detection performance in deep
rming models. A study conducted by [200] employed CycleGAN in enhancing contrast-
hanced spectral mammography. The investigation concluded that the most viable deep-learning
twork to produce artificial images is CycleGAN with SSIM (structural similarity index) value
0.8492+ 0.0131. Likewise, [201] classified invasive cancer in breast histopathology using
ndardized CycleGAN. The approach enhanced the baseline measures without requiring the
selling of target stains and attained a classification precision of 0.69 + 0.08 and recall of 0.74 +
10 over 100 epochs. A deep-learning technique by [202] revealed undetected mammographic
dings using CycleGAN demonstrated that the approach greatly improved the performance of
sssifiers by accuracies of 0.97 and 0.79 on MIAS and DDSM datasets respectively. Experimental
ks by [203] utilized CycleGAN to enhance ultrasound image quality. The pseudo-images
oduced offered a more user-friendly interface, and better tissue architecture, maintained the
ometry of the tumor obtained median dice scores of 0.91 on Breast ultrasound images (BUSI)
d 0.70 on optical images of poultry breast tissues. Also a data augmentation framework to
iprove mass detection performance using. CycleGAN was proposed by [204]. Experimental
sults demonstrated that the synthetic CC mammograms from OPTIMAM and BCDR yielded

UC values of 0.615 and 0.824 respectively.
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VGG19 Architecture

—eep learning has made significant advancements, leading to the development of several
“oundational models, one of which is VGG19. VGGI19 is a 19-layer deep convolutional neural
ork trained on the ImageNet database, which contains one million images across a thousand
asses. It accepts input sizes of 224x224 pixels. The architecture includes 5 convolutional blocks,
=ch followed by a max-pooling layer, and concludes with 3 fully connected layers dedicated to

assification [171].

5 EfficientNetB0 Architecture

1¢ EfficientNetBO0 is a variation of the EfﬁcientNet architecture. EfficientNetBO0 is designed with
= network structure where the resolution is determined by the input image size, complexity is
=fined by the number of layers, and width is influenced by the number of channels in each layer.
= starts with an input layer that accepts images of 224x224 pixels. Following the input are batch
“ormalization layers, Swish activation functions (SiLU), and standard convolutional layers with
filters. It employs a novel method called "compound scaling," which uniformly alters the
ork's depth, width, and resolution. EfficientNetBO also incorporates reversed skip

~onnections, which serve as efficient and potent building blocks for constructing deep neural

orks [205].

b ResNet-50 Architecture

SesNet-50 is a deep convolutional network variant of the ResNet architecture featuring 50 layers.
= utilizes shortcut connections to bypass convolutional layers, allowing the network to study the
w=sidual function which is the difference in the input and output. The architecture consists of 5
sages, each containing multiple residual blocks and convolutional layers. The input first passes

“rough a 7x7 convolution with 64 filters, followed by a 3x3 max pooling layer. It then goes
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wough 4 convolutional layers, concluding with global average pooling and a fully connected layer
at typically uses softmax activation for classification [206, 207].

~his paper hence presents a different method that combines CycleGAN and multi-mammographic
res extracted using VGG19, EfficientNetB0 and ResNet-50 ensemble approach to enhance

zast lesion visualizations with the ultimate aim of improving breast cancer diagnosis.

7 Materials and Methods

7.1 Dataset

“his paper makes use of the CBIS-DDSM database, an open-resource mammography database,
or experimental analysis. The database includes 2620 mammograms that have been carefully
spected and annotated by radiologists with experience in radiology. A total of 1,314
ograms, comprised of 658 images classified as malignant and 656 images classiﬁed as

Senign.

7.2 Preprocessing of Images

¢ mammograms were resized into 224 x 224 pixels before processing to enablé the neural
ork to process each image in a uniform manner and reduce potential errors. After resizing, the
mages were preprocessed by applying the Contrast-Limited Adaptive Equalization (CLAHE) to
“mprove the local contrast of the mammograms. CLAHE is an adaptive histogram gqualization
AHE) technique that makes use of all image information [175]. This paper employs a technique
‘o dynamically determine the threshold to compute and trim each region's histogram, unlike most
woproaches where the thresholding value is static. The trimmed intensity values are then
=distributed among the histogram bins. The edge-shadowing effect observed in AHE is effectively
addressed, and the problem of over-enhancement in the processed image is lessened [175, 176].

The application of CLAHE improves local contrast in these images, helping to highlight features
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=t were previously less visible. The histograms reflect the enhancement by showing a more
istributed intensity range, especially in regions of interest, which are crucial for applications like

Etecting lesions in breast images as demonstrated in Figure 6.1.
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Figure 7. CLAHE-enhanced images with their histogram distribution
‘he CycleGAN algorithm was applied to the training dataset to generate synthetic images to
mprove the quality and characteristics of the mammograms. This has been used by other
searchers [200-202] with profound results. The proposed approach leveraged the application of
¥cleGAN to the images has transformed the image structure differently, possibly blending the

slour channels more as illustrated in Figure 6.2.
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Figure 8: CycleGAN translated images with their histogram distribution

7.3 Feature Extraction

this approach, VGG19, EfficientNetB0 a_nd ResNet-50 deep-learning models are used in an
semble approach to extract mammographic features. VGG19 focused on extracting a large
ber of features across different spatial scales. It effectively captures the edge-based, and
e-based features and uniformly captures spatial features with little variations across the
ork [208]. The EfficientNetB0 extracted.a more efficient and diverse set of fewer _parameters.
captures finer detailed features in an even distribution across depth, width, and resolution and
roves the distinguishing ability between subtle patterns in tissue densities or lesion structures.
Net-50 network is able to extract edges, textures, corners, object parts and semantic structures.
can be used to identify and learn difficult features which can be relied on to improve

sification These features are combined and used as input to train the model [209, 210].
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Proposed Model

proposed breast cancer classification model from mammographic images as demonstrated in
e 6.3, is composed of five steps: (i) contrast improvement with CLAHE (ii) image
cement using CycleGAN, (iii) extraction of mammographic features using VGGI19,
centNetBO and ResNet-50 ensemble, (iv) concatenation of deep features and then (v)

ification with a customized fully connected neural network (FCNN).

EfficientNetB0
feature extraclor

Figure 9: Proposed Breast Lesion Enhancement Model

this approach, the training dataset was preprocessed using CLAHE to improve that contrast and
the CycleGAN algorithm was used to enhance the quality and characteristics of the training
et. From each image in the training datasets, pre-trained convolutional neural network
els; VGG19, EfficientNetB0 and ResNet-50 in an ensemble approach, are used to extract deep
res such as edges, contours, shapes, structures, texture patterns, spatial reiationships,Aglobal
acteristics, object and region identifications and semantic features. The top layers in the
GG19, EfficientNetB0 and ResNet-50 are removed and the remaining layers are used to extract
features. The ensemble approach used the GlobalAveralPooling2D to pool in one-dimensional

ture vectors. These extracted features from the neural networks are combined to form a single
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hed optimal capacity. The model generalized well, which is demonstrated by the absence of

ificant difference between the two curves.
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Figure 10: Model accuracy graph of the proposed model

model loss as depicted in Figure 6.5, illustrates that within the 10" epochs, the two curves
ased rapidly with the training loss starting higher. The rapid decline in both curves
_. onstrated that the model quickly learned basic features and patterns in the training data. The
arization technique applied to the training data attributed to the lower validation loss
mpared to the training loss. After the 10" epoch, the rapid decline in both curves slowed down.
een the 20" to the 30" epochs, the training and validation losses started to converge. The
el improved at a reduced rate suggesting that the most important features and patterns have
y been learned from the training data. As the model loss gradually decreased, the model
ssfully balanced learning and generalization. Both the training and validation losses
aued and stabilized indicating that the model had reached peak performance. The validation
remained close to the training loss showing that the model did not show any significant

tting.
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Figure 11: Model loss graph of the proposed model
findings showed that the model achieved precision and recall values of 0.96 and 0.92
ectively for the model’s ability to predict benign cases. A precision of 0.91 and a recall of
5 demonstrated the model’s ability to accurately categorize malignant cases. These achieved
ormance values demonstrate that the model was able to learn well from the training datasets.
Fl-score 0f 0.94 and 0.93 was obtained for the benign and malignant cases respectively. These
ues demonstrated that the recall and precision values were fairly balanced. The macro average
putes the metric for every class separately before equally averaging them all which yielded
94 for precision, recall, and Fl-score, respectively. The weighted average, a more balanced
asure that accounts for the performance of benign and malignant cases, also yielded 0.94 for
same indices. These classification performance data showed that the customized FCNN
sifier worked well, exhibiting high performance in its ability to distinguish between benign
malignant instances.
e proposed model obtained an overall accuracy of 0.94, a sensitivity of 0.9545, and a specificity

2£0.9223. From the matrix, the proposed model accurately predicted 93.2% of all the benign test
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=ses with only 6.2% being wrongly predicted. 95.5% of all the malignant test cases were correctly
edicted by the model, however, 4.5% of malignant test cases were falsely predicted.

e ROC curve is often used to demonstraté how well a medical diagnostic test can distinguish
tween two conditions. It shows the trade-off between the true positive rate and the false positive
¢ as the threshold for positivity changes. If the ROC curve lies along the diagonal line, it
ggests that the analytical test of the model performs no better than random chance [211]. The

2 under the curve (AUC) of the model was 0.99 demonstrating that the model performed

fe research was aimed at enhancing breast lesion detection from mammography by employing
vcleGAN. The approach of this paper utilized a mammographic dataset obtained from CBIS-
JDSM. The dataset was improved by using CLAHE and then translated with CycleGAN to ensure
nage quality and characteristic enhancement. Comprehensive feature extraction was achieved by
sing VGG19, EfficientNetB0 and the ResNet-50 ensemble approach. The extracted features were
“assified with a customized neural network. The proposed model achieved the highest acc.:uracy,
sensitivity, specificity and F1-Score of 0.94, 0.9545, 0.9223 and 0.94 respectively. These results
ave demonstrated how well the model could differentiate between benign and malignant images.
1e AUC of 0.99 provided insights into the ﬁbility of the model to classify benign and malignant
astances across all possible thresholds. It indicated how well the two classes were efficiently
ifferentiated. Using CycleGAN which transformed the image by enhancing the image
characteristics and extracting multi-mammographic features by leveraging a deep-learning
=nsemble approach has been shown to improve image quality and the visualizatic;n of breast

‘=sions through the experiment conducted. The ensemble of three deep-learning networks enabled
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mprehensive features to be extracted which enhanced the classification efficiency of the
stomized FCNN. The concatenated features exposed the classifier to various features which
entually increased the classification performance of the model. These findings indicate that the
adel has demonstrated a strong capacity for distinguishing breast lesions effectively. The
ation of CycleGAN for enhanced image transformation is gradually gaining prominence in

zast lesion detection.

1 Future Trends
e current methodology demonstrates several promising directions for future development in Al-
sisted mammography analysis. The successful application of CycleGAN for image enhancement
2gests potential for further exploration of GANs in medical image preprocessing. Future
=search could investigate more sophisticated ensemble approaches that incorporate emerging
hitectures like vision transformers alongside CNNs to capture both local and global image
satures. The demonstrated effectiveness of multi-network feature extraction (VGG19,
~TicientNetB0, ResNet-50) indicates potential for developing hybrid models that combine the
rengths of various architectures while minimizing computational overhead. Additionally, the
performance achieved suggests opportunities for deploying such models in real-time clinical
“=cision support systems, particularly if optimized for edge computing devices in resource-limited
=ttings. Future work might also explore the integration of clinical metadata with imaging features

> create more comprehensive diagnostic models.

.12 Clinical Implications and Limitations
1e model's exceptional performance metrics have significant clinical implications. The high
sensitivity suggests strong potential for reducing false negatives in breast cancer screening, which

s crucial for early detection and improved patient outcomes. As a second-reader system, this
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hnology could substantially reduce radiologist workload while maintaining diagnostic
uracy, particularly in high-volume screening programs. The model's ability to correctly identify
5% of malignant cases could lead to earlier interventions and improved survival rates. In
urce-constrained settings with limited access to specialized radiologists, such automated
stems could help address critical healthcare disparities. However, the 4.5% false positive rate
malignant cases underscores the need for careful implementation to avoid unnecessary patient
xiety and invasive follow-up procedures. The demonstrated effectiveness of CLAHE and
ycleGAN for image enhancement may also inform new standards for medical image
processing in digital pathology.

e computational intensity of the ensemble approach may limit practical deployment in settings
ith constrained resources. The image preprocessing pipeline, while effective, requires careful
ameter tuning that may not translate seamlessly to other datasets. Though the benign false
sitive rate is relatively low, this could st.ill translate to significant numbers of fmnecessary
llow-ups in population-level screening. Finally, the black-box nature of the ensemble model may
ate challenges for clinical adoption, suggesting a need for future work on explainability and

erpretability features.

13 Chapter Summary

The study developed a deep learning model to enhance breast lesion detection using mammograms
“om the CBIS-DDSM database, which included 1,314 images that were split into training, testing
and validations sets in a ratio of 75:15:10, respectively. Preprocessing involved CLAHE for
contrast adjustment and CycleGAN for image quality enhancement. An ensemble of VGG19,
EfficientNetB0, and ResNet-50 was used to extract deep features, which were then concatenated

mto a 1D vector and classified using a customized FCNN. The model demonstrated strong
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ormance, with training and validation accuracy rapidly increasing to around 90% by the 20th
ch, indicating effective learning and generalization.
model achieved high classification metrics, including a precision of 0.96 and recall of 0.92 for
ign cases, and 0.91 precision and 0.95 recall for malignant cases, with an overall accuracy of
. The AUC-ROC score of 0.99 conﬂrme.d its excellent ability to distinguish between benign
malignant lesions. Key innovations included the use of CycleGAN for image
ancement and an ensemble deep learning approach for comprehensive feature extraction,
ich significantly improved classification performance. These results demonstrate the model’s

ential as a reliable tool for early and accurate breast cancer detection in clinical settings.
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Chapter 7: Enhancement of Mammograms using Mammogan++
Introduction

%is chapter presents an innovative deep learning framework that leverages Cycle-Consistent
snerative Adversarial Networks (CycleGAN) with an ensemble feature extraction approach to
hance breast lesion classification. Section 7.2 introduces the fundamental principles of
“enerative Adversarial Networks (GANS), detailing their adversarial training mechanism and loss
nction formulation. Section 7.3 expands on CycleGAN architecture, explaining its cycle-
mnsistency loss and advantages for unpaired image translation in medical imaging applications.
ection 7.4 through 7.6 describe the core CNN architectures employed - VGG19, EfficientNetBO,
d ResNet-50 - highlighting their distinct feature extraction capabilities. Section 7.7 presents the
wmprehensive experimental methodology, including dataset preparation using the CBIS-DDSM
stabase, CLAHE-based preprocessing, and CycleGAN enhancement techniques. Section 7.8

“=tails the proposed ensemble model architecture and its implementation workflow.

-2 Image Enhancement

“oatial domain, frequency domain, and amalgamation of these approaches are the basic groups
w0 which image-enhancing techniques are often separated [66]. Spatial domain techniques such
s histogram equalization, contrast stretching', and spatial filtering operate directly on the pixels of
= image. Though these techniques are conceptually simple and computationally efficient, noise
s sometimes enhanced with the signal [67]. Frequency domain techniques enable precise
“equency adjustments but may introduce artifacts. Hybrid approaches combine these methods
ith recent frequency-spatial domain learning strategies showing improved accuracy [212].

ep learning-based techniques have been introduced in recent years to enhance the quality of

‘mages. These methods develop complex mappings for image-enhancing tasks using neural
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orks. For instance, deep learning-based techniques have been applied to mammograms to
rove image quality and eliminate artifacts [213, 214].

nbagavalli and Thangarajan (2018) achieved 93.45% classification accuracy by using Shearlet
form and neural networks [215]. In a study by Sivamurugan and Sureshkumar, (2023) the
ity of mammographic images was enhanced by utilizing median filtering, histogram
lization, and morphological operations. Optimized U-Net was used for segmentation and,
ly the application of a hybrid CNN model for feature extraction and classification.
rimental results demonstrated that the model achieved an accuracy of 0.96 and an F1-score
0.95 [216]. Hazarika and Mahanta, (2018) developed a mammogram contrast enhancement and
t border extraction framework to aid breast cancer detection. The method incorporated the
of bi-level histogram modification and non-linear filter techniques to enhance the contrast of
ograms. A segmentation accuracy of 0.987 demonstrated that the preprocessing techniques
wed promising potential [217]. Langarizadeh et al. (2011) enabled radiologists to detect breast
ormalities by employing histogram equalization to provide better visualization [218]. Qasrawi
al. (2024) designed a deep-learning hybl;id model to detect and classify breast cancer. The
roach employed CLAHE, histogram equalization, Gaussian blur, and the sharpening method
improve and enhance mammographic images. The model achieved an experimental accuracy

It of 0.997 and a clinical accuracy of 0.972 [219].

Methodology
.1 Dataset
is approach made use of mammograms obtained from the CBIS-DDSM database, an open-

urce mammography database for experimental purposes. The database includes 2620
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ograms that have been carefully annotated by experienced radiologists. For experimental

ysis, a total of 991 mammograms, which consists of 489 benign cases and 502 malignant cases.

.2 Mammogan++ Architecture
Mammogan++ is a novel neural network architecture designed for image enhancement,
hticularly for mammogram images. It uses an encoder-decode architecture with Residual Blocks

Bd Squeeze-and-Excitation (SE) modules to refine and improve image features as illustrated in

Beure 7.1.
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Figure 12: Mammogan++ Architecture

Bammogan++ enhances mammographic images by refining details through a deep encode-
Ecoder architecture, making them suitable for image analysis. The encoder primarily extracts and

anresses important features in the input image while reducing the spatial resolution

ssively and the decoder reconstructs an enhanced image by refining and upsampling feature
sentation.
encoder which does the feature extraction and downsampling consists of convolutional layers,
h Normalization (BatchNorm), Rectified Linear Unit (ReLU), and Residual Blocks. It
sses an input image of shape (3, H, W), corresponding to three colour channels (RGB), height

£ and width W.
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first convolutional layer learns spatial hierarchies using 64 filters of size 4x4, stride 2, and
ding 1, resulting in a feature map, (64, H/2, W /2).
chNorm normalizes activations to stabilize training, and ReLU introduces non-linearity as
trated in equation 7.1;
y = a(BatchNorm(W * x + b)) (7.1)
Where W and b, are the weights and bias terms, * denote convolution, and ¢ is the ReLU
activation
the Residual Block with the SE module, the Residual Block normalizes activations and enhances
re extraction as demonstrated in equation 7.2;
y=F(x,W)+x (7.2)
ere x is the input tensor, and F(x, W) is the transformed output through two convolutional
fers followé:d by ReLU. The feature map undergoes transformation as shown in equations 7.3
7.4
Fiy=o(Wy *x + by) (7.3)
Foixy = Wy * Fyyxy + by (7.4)
SE module applies global average pooling to compute the channel-wise statistics as illustrated

equation 7.5;

1.
HxW

S = sew 2ie1 Zia Faig (7.5)

wo fully connected layers recalibrate the feature maps as illustrated in equations 7.6 and 7.7;
z= ag(W.s + by) (7.6)
g = Sigmoid(Wyz + by) (7.7
e recalibrated feature map equation is shown in equation 7.8;
Fiy = 9. Fapx) (7.8)
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skip connection adds the original input of the block to maintain identity mapping and gradient
. The output retains shape, 64, H/2,W /2. In progressively downsampling operation, the
sequent convolutional layers further extract hierarchical features while reducing spatial
ensions. The second layer applies 4x4 convolution with 128 filters producing an output feature
0f 128, H/4, W /4. The third layer also generates a feature map shape of 256, H /8, W /8 from
4x4 convolution with 256 filters. The fourth layer applies a 4x4 convolution with 512 filters
ich finally results in a feature map of 512, H/16, W /16.
ce multiple layers exist, each layer follows equation 7.9;
Ei41 = o(BatchNorm(W, x E; + b)) (7.9)

Where E| is the feature map layer [
¢ decoder, which does the feature reconstruction and enhancement, operates by transposing
nvolutions to reconstruct an enhanced image while preserving high-frequency details. Each
sposed convolution follows equation 7.10;

Di+1 = o(BatchNorm(Wy «' D; + b)) (7.10)
Where Wy is the transposed convolution kernel and *' denotes transposed convolution.

ally, the enhanced output is computed as shown in equation 7.11;

2 =x+G(Ew) (7.11)
'here E() is the encoded feature representation, and G(E(y)) is the decoder’s reconstructed

age. The enhancement is performed by adding the reconstructed image to the input image to

prove contrast and clarity.

7.3.3 Image Preprocessing
Mammogan++ was applied to the training dataset. The input image of shape (3, H, W) is encoded

using 4x4 convolutional filters with a stride of 2 and padding to downsample the image, producing
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¢ maps of increasing depth from 64, 128, and 256 to 512. This process also decreases the
1al dimensions from H/2, H/4, and H/8 to H/16. BatchNorm stabilizes training, and ReL.U
uces non-linearity. Residual Blocks, enhanced with Squeeze-and-Excitation (SE) modules,
ibrate feature maps by learning channel-wise dependencies and adding skip connections to
ove gradient flow. This paper primarily applies mammogan++ to improve the image quality
better diagnostic accuracy.

this process, CLAHE is applied to further improve the local contrast of the mammograms.
AHE is an adaptive histogram equalization (AHE) technique that makes use of all image
rmation [175]. It dynamically determines the threshold to compute and trim each region’s
gram. The trimmed intensity values are then redistributed among the histogram bins. The
-shadowing effect observed in AHE is effectively addressed, and the problem of over-
cement in the processed image is lessened [175, 176]. The application of CLAHE improves
contrast in these images, helping to highlight features that were previously less visible. The
grams reflect the enhancement by showing a more distributed intensity range, especially in

ions of interest, which are crucial for applications like detecting lesions in breast images.

4 Feature Extraction

texture of an image holds crucial information for many types of images. Based on the
omness level, the texture is grouped into sporadic and regular stochastic. The sporadic
zanization of the basic portions of an object represents the regular texture, whereas the stochastic
the random arrangement of the basic portions [177]. To improve the reliability and robustness
reduce the model training time, HOG, a handcrafted feature extraction techniqge was

ployed [178]. The HOG technique operates under the assumption that the histogram of edge

‘entations or local intensity gradients inside a dense grid can describe local appearance and form
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es. This method merges structural and statistical approaches, enabling the capture of the
tbution of categorized mass structures [179]. The HOG technique was used to capture the edge
contour orientations. It focuses on the structure or shape of the image and computes features
the magnitude and angle. It converts the mammographic image by simplifying the image
and the intensity gradients. The technique computes the gradients into histograms of
tion for each pixel cell. The cells are grouped into 2x2 blocks and normalized to improve
light variation robustness. The HOG features extracted are efficient and contain compact

ation obtained from the mammograms [180].

3 Random Forest Classifiers

ensemble-supervised classification technique Random Forest (RF) is well-liked and effective
its robustness and accuracy [220]. A number of machine learning applications, such as
snformatics and medical imaging, have found success using RF due to its remarkable accuracy
durability, as well as its ability to yield insights through feature ranking. To create a “forest”
sifiers that vote for a certain class, RF uses a collection of decision trees that are all produced
the bagging technique without any pn;ming [221]. The most prevalent class is assigned to
' mput vector by a mixture of classifiers in an RF, each of which gives one vote. It is necessary
nsider RF as a novel idea of classifiers as it possesses unique qualities that set it apart from
ncal classification trees (CT) due to its integration of several classifiers. Through bagging or

trap clustering, RF forces the trees to develop from several training data subsets, increasing

irees’ diversity, as illustrated in Figure 7.2 [222].
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Figure 13: Random Forest Classifier. Adapted from [223]

very effective and versatile machine-learning technique, Random Forest offers several
antages for applications using distant sensing. Since it is so good at handling big datasets, it is
ect for processing the enormous volumes of data that are frequently involved in remote
ing. Because of the large dimensionality of remote sensing data, the method can handle
usands of input variables without removing any. In order to assist in discovering important
its for categorization, it also offers estimates of varying relevance. Furthermore, RF uses out-
bag (oob) errors to produce an objective estimate of the generalization error, providing a
orthy performance indicator without the need for an independent validation set. Even with
r data, it maintains consistent performance by detecting outliers by calculating proximities
een instances and being resilient to noise and outliers. Random Forest is a feasible option for
e-scale remote sensing jobs since it requires less computing power than other ensemble
hniques like Boosting. These benefits make it an effective tool for remote sensing applications,
luding biophysical parameter estimation, change detection, and land cover categorization [222].
RF classifier was selected over deep learning alternatives due to its superior performance of
.5% accuracy and practical advantages for medical imaging with limited data [224]. RF

erformed ResNet-18, which achieved 94.7% accuracy on a dataset of 991 mammograms,
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e also being more computationally efficient while running on a CPU in minutes compared to
[110]. RF offers built-in interpretability, that is, 62% of its decisions were based on HOG
features, which aligns with radiologists’ emphasis on morphological characteristics [225].

robustness to noise and ability to estimate out-of-bag error make it well-suited for clinical use

6 Training Protocol

system implemented a mammographic analysis pipeline using a pretrained Mammogan-++
el (SE-ResBlocks, encoder-decoder) on 144x144 images, with hardware-agnostic execution
U/CUDA preferred; CPU fallback: 4.7+1.2 sec/image on Intel Core 15-1135G7, 8GB RAM).
the model was pretrained, no training hyperparameters (epochs, batch size, loss functions) were
licable. Post-enhancement through CLAHE (clip limit=2.0), HOG features (9 orientations, 88
) were classified using a Random Forest (300 trees) trained in 3.8+0.9 minutes (CPU-only,

B RAM).

Proposed Model
proposed mammogram enhancement model for breast cancer diagnosis is composed of three
s: (i) enhancement of mammogram quality using Mammogan++ (ii) extraction of handcrafted

es using HOG, (iii) classification with random forest, as illustrated in Figure 7.3.

Image Freprocessing Feature Extraction and Breast Cancer Classification
: Selection

Mammogan++ CLAHE

(SE-ResBlocks {Contrast Enhanced | HOG Feature
Encoder-decoder) | |  Adjustment) Image | Extractor

Ilmage Ennancemenl'

Benign |

Random Forest
Classifier ‘

Figure 14: Proposed Mammogan++ Image Enhancement Pipeline of the Model

Feature
Vector
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is method, Mammogan-++ was employed to enhance the training dataset. The Mammogan-++
ved the quality of the mammograms while maintaining the important features. The encoder
ts features and reduces spatial dimensions using convolutional layers, BatchNorm, and
al blocks with squeeze-and-excitation. The decoder upsamples the feature maps back to the
size using transposed convolutions, BatchNorm, and ReLU activations. The residual
ctions add the original image back to the output of the decoder to preserve details and
ce the image quality. A channel-wise attention mechanism in the residual blocks helps the
ork focus on important features. The local contrast of the improved mammograms are also
ced by the application of CLAHE. The shape and texture of the lesions, masses, and
daries of the tissues within the mammograms were extracted using the HOG, cépturing the
structural patterns in the mammograms. Finally, the extracted features are fed into the
om Forest classifier, which was chosen due to its robustness against overfitting and high

acy [226].

Model Evaluation

Structural Similarity Index (SSIM) and the Peak-Signal-to-Noise Ratio (PSNR) were used to
uate the performance of the Mammogan++ to confirm that important features in the
ogram are not lost. The confusion métrix was used to determine the overall classification
ormance of the proposed model.

SSIM, as shown in equation 7.12, is a formula that combines luminance (I), contrast ©, and
ture (s). The SSIM ranges from -1 to 1, where a value of -1 shows inverted similarity, 0
cates no similarity, and 1 means the similarity is perfect [227].

SSIM(x,y) = I(x,y)%c(x, y)?.s(x,y)Y (7.12)
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I(x,y),c(x,y,) and s(x, y) measure luminance, contrast, and structural similarity,

tively.

PSNR was used to determine the quality of reconstructed or compressed images or videos
ed to the original. The PSNR, as demonstrated in equation 7.13, is assessed between the
‘nal image, x, and the reconstructed or noisy image, y. Higher PSNR values indicate better

quality [228].

2
PSNR =10. logso (“=L) (7.13)

MAX, is the maximum possible pixel value in the image and MSE is the mean square

Results and Discussions

proposed mammogram enhancement model was trained with mammograms obtained from the
DDSM database, which has also been used by others [15, 94, 108]. In this paper, 991 images
used and split into two; 80% of the data was allocated for training, and 20% for testing.
ially, Mammogan++ was employed to préprocess the training dataset by enhancing the image

cteristics and quality of the mammograms, as demonstrated in Figure 7.4.
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gure 15: A: Original Images  B: Enhanced Images C: Histogram distribution of both Images
The above figure shows; A: the original cropped mammograms,
B: the enhanced mammograms using Mammogan+ +,
C. the histogram distribution graphs of both the original and Mammogan++ enhanced
mammograms.

m the figure 7.4, it can be seen that the enhanced images have areas with brighter or more
inct features as compared to the relatively dimmer areas of the original images. The enhanced
ograms showed a more uniform distribution of intensities, indicating that the contrast has been
justed as the original images have all the pixels clustered in a narrow intensity range. It can be
uced from the histograms equalization graphs, that the original images have a more

centrated distribution of pixel intensities whiles the effect of the Mammogan++ on the
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ced images caused the pixel intensities to spread over a larger range thus improving the
t and allowing the dark and light areas of the image to be clearly visible.

proposed Mammogan++ model yielded an average SSIM value of 0.9736, which
onstrated that the images resembled closely to the original images. The high SSIM value
ined which is close to 1, confirmed that the Mammogan++ produced and preserved the image
ity excellently. The average PSNR of 33.36dB, indicated that the measure of the ratio between
possible power of the image and the power of noise corrupting the image was considerably
since typically values above 30dB reflect good image quality. The Mammogan++ averagely
uced images with the noise level relatively low compared to the signal as demonstrated in

e 7.5,

Figure 16: Original and Mammogan++ Enhanced images
(Left column: Original Images, Right column: Enhanced Images)

quality of the mammograms was further improved by utilizing CLAHE. Subsequently,
dcrafted features were extracted by employing HOG which captured the local structural

erns in the mammograms. These extracted features then served as input for the Random Forest
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sifier. Experimental findings showed that the model achieved precision and recall values of
7 and 1.00 respectively for the model’s ability to predict benign cases. A precision of 1.00 and

all of 0.97 demonstrated the model’s ability to accurately categorize malignant cases. These
ieved performance values demonstrate that the model was able to learn well from the training

ets. An Fl-score of 0.98 and 0.99 was obtained for the benign and malignant cases
Fspectively. These values demonstrated that the recall and precision values were fairly balanced.
Fn: macro average computes the metric for every class separately before equally averaging them
thich yielded 0.98 for precision, 0.99 for recall, and 0.98 for F1-score. The weighted average,
fmore balanced measure that accounts for the performance of benign and malignant cases, also

Elded 0.99, 0.98, and 0.98 for precision, recall and Fl-score respectively. These classification

ormance data showed that the customized Random Forest classifier worked well, exhibiting
E:performance in its ability to distinguish between benign and malignant instances.

the proposed model obtained an overall a{ccuracy of 0.9849, a sensitivity of 0.9717, and a
eecificity of 1.000. From the confusion matrix, the proposed model accurately predicted 100% of
£l the benign test cases. 97.2% of all the malignant test cases were correctly predicted by the

Bodel, however 2.8% malignant test cases were falsely predicted as illustrated in the Figure 7.6.
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Figure 17: Confusion Matrix of the Proposed Model

e ROC curve is often used to demonstrate how well a medical diagnostic test can distinguish
Etween two conditions. It shows the trade-off between the true positive rate and the false positive
e as the threshold for positivity changes. If the ROC curve lies along the diagonal line, it
Bogests that the analytical test of the model performs no better than random chance [211]. The
errow confidence interval, derived from 1000 bootstrap iterations, indicates high precision in the
sodel’s classification capability. The characteristic steep ascent of the curve reflects optimal
fagnostic performance, achieving high sensitivity (true positive rate = 0.9717) while maintaining
ear-perfect specificity (false positive rate < 0.005). The upper bound of the confidence interval
eaching 1.000 suggests potential ceiling effects that should be investigated in larger validation
phorts. These results substantiate the model’s robust performance in differentiating benign and
nalignant mammographic lesions, supporting its potential clinical utility as a decision-support

sol. The exceptional AUC value approaching the theoretical maximum of 1.0 indicates nearly

lawless class separation across all possible diagnostic thresholds. The area under the curve (AUC)
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e model was 0.998 (95% CI: 0.995-1.000) demonstrating that the model performed extremely

as illustrated in Figure 7.7.
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Figure 7.7 Receiver Operating Characteristic (ROC) curve of the proposed model

is research was aimed at enhancing mammograms by employing Mammogan++. The quality of
mammograms was improved with the Mammogan++ algorithm, which is a specific neural
ork architecture designed for image enhancement. The novel Mammogan++ algorithm
roves the existing images through an encoder-decoder architecture. The residual blocks with
eeze-excitation (SE) utilized in the models help to improve the image enhancement and feature
ction making it useful for medical image analysis purposes. The algorithm enhances the input
ges by refining the features of the images but does not generate new images. The combination
these techniques allows the Mammogan++ algorithm to improve the quality of the input image
ile maintaining its important features, making it effective for tasks like image enhancement for
dical imaging. The output of the Mammogan++ algorithm is further enhanced by using
AHE, and HOG features were extracted from the mammograms, The extracted features served

input for the training of the Random Forest classifier. This approach yielded achieved average
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and PSNR values of 0.9736 and 33.35dB, respectively. These results demonstrated that the
ogan++ produced extremely high-quality images that are almost indistinguishable from the
inal images. The developed model yielded an overall accuracy of 0.9849 (95% CI: 0.9648-
0), a sensitivity of 0.9717 (95% CI: 0.9375-1.000), and a perfect specificity of 1.000 (95% CI:
0-1.000). These results showed how well the model could differentiate between benign and
ignant images. The AUC value of 0.9985 (95% CI: 0.99957-1.000) provided insights into the
ility of the model to classify benign and malignant instances across all possible thresholds.
reraging the Mammogan++ algorithm to enhance the image characteristics and quality has been
wn to improve the image quality of mammograms and the diagnosis of breast cancer. These
ings indicate that the model has demonstrated a strong capacity for distinguishing breast cancer
ectively. The utilization of Mammogan++ for mammogram enhancement is a novel approach
t has demonstrated the capacity to improve image quality and characteristics to enhance
sification accuracy. The approach used in this research was compared to some existing
thods in terms of accuracy, sensitivity, specificity, and AUC.

framework designed by Isikli Esener et al. (2017) [229] used histogram equalization and
nlinear means filtering to preprocess mammograms, achieving 0.8547, 0.8879, and 0.9353
curacy, respectively, in a multistage classification scheme. Teare et al. (2017) [230] utilized a
processing approach that included CLAHE for false color processing, dual-scale CNN, and a
dom forest gating mechanism to improve mammographic classification. The approach yielded
sensitivity of 0.80 and a specificity of 0.91, which were comparable to those of expert
radiologists. A study in 2020 by Tripathy and Swarnkar (2020) [231] employed a method that
applied Gaussian filtering, median filtering, and CLAHE algorithms to enhance mammographic

mages. These techniques were utilized both in individual and pair-wise combinations. The
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ormance indices yielded 0.944 and 0.962 for specificity and sensitivity, respectively. Yu et al.
1) [232] combined scaling, CLAHE, and data augmentation to preprocess and train ResNet-
to classify breast abnormalities from mammograms. The approach yielded an overall accuracy
0.9574, a sensitivity of 0.9283, and a specificity of 0.9855. A novel approach presented by Cai
al. (2021) [233] improve image contrast by enhancing visibility of abnormal areas and noise
uction. A combination of GLCM and DWT techniques was used to extract features and was
sified with an advanced thermal exchange optimizer. The approach resulted in an accuracy,
itivity, and specificity of 0.9379, 0.9689, and 0.677, respectively. Likewise, Alshamrani et al.
22) [110] focused on enhancing mammbgram classification using CLAHE to enhance the
trast of the image by redistributing the intensity value and Histogram intensity windowing
W) to adjust the intensity levels of the image to highlight specific ranges of interest. A
ormance accuracy of 0.62 was achieved after training with a deep CNN model. A
Imammogan model was designed by Oyelade et al. (2022) [234] to generate effective synthetic
gh-quality ROI-based mammograms to address dataset limitations and class imbalances in breast
cer abnormality detection. The image quality metrics yielded SSIM value of 0.800 and a PSNR

ue of 27.72dB.
?the current study, it was found that using the novel Mammogan++ enhanced the image quality,
ichieving SSIM and PSNR of 0.9736 and 33.36dB, respectively, demonstrating an overall good
*nage quality. The model yielded an accuracy of 0.9849, a sensitivity of 0.9717, a specificity of
T.OOO, and an AUC of 0.9985. The main difference is that the approach of using a novel
Plarmnogan++ as an image enhancement technique performed significantly better in enhancing

Fne quality and characteristic features of mammograms. The comparison of the proposed model to
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<r algorithms showed that the approach performed significantly better in its distinguishing
pacity.

sile bootstrap validation (AUC 0.9985, CI: 0.9957-1.000) suggests robustness, external Vtesting
mains pending. The 2.8% false negative rate, though comparable to radiologist performance
3], necessitates expanded diverse validation. SMOTE augmentation (k=5) and dropout (p=0.3)
dress imbalance and overfitting, though model distillation may further reduce the 4.7sec/image
U latency for clinical deployment.

ough the Mammogan++ model demonstrates strong performance (AUC=0.9985), several
mitations warrant consideration. The model’s generalizability requires validation on multi-
stitutional datasets with varying scanner protocols. Current computational demands may limit
al-time clinical application, though quantization techniques could reduce latency. The 2.8% false
=gative rate, while clinically acceptable, suggests room for improvement in malignant case

stection.

7 Future Trends

1e Mammogan++ architecture presents several promising directions for future research in Al-
iven mammography. The success of itsencoder-decoder framework with SE-
esBlocks suggests potential extensions to multimodal imaging such as ultrasound or MRI to
urther improve diagnostic accuracy. Future iterations could incorporate explainable Al (XAI)
=chniques, such as attention maps or saliency visualizations, to enhance clinician trust by making
=cision-making processes more interpretable. Additionally, federated learning could be explored
o enable collaborative model training across institutions while preserving patient privacy. Given
2e high computational efficiency of Mammogan++ (4.7 sec/image on CPU), future work may

“ocus on edge-Al deployment, optimizing the model for real-time use in low-resource settings.
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lly, active learning strategies could refine the model’s performance on rare malignancy

types, addressing the current 2.8% false-negative rate.

Clinical Implications and Limitations

ogant++ demonstrates exceptional diagnostic performance, achieving an accuracy of
849, sensitivity of 0.9717, and perfect specificity (1.000). These metrics suggest strong
ential as a second-reader system, reducing radiologist workload while maintaining high
ection rates for malignant cases. The model’s near-perfect AUC (0.9985) indicates robust
riminative power, making it suitable for early cancer detection which is critical to patient
ival rates. Additionally, itsimage enhancement capabilities (SSIM=0.9736,
NR=33.36dB) could standardize mammogram quality across varying imaging conditions,
icularly in resource-limited settings where high-resolution imaging is scarce. However,
2.8% false negatives underscore the need for careful clinical validation before full-scale
loyment, as missed malignancies could delay critical interventions.

spite the strengths of Mammogant+, real-time deployment in high-volume screening
vironments may require further optimization through techniques like model quantization.
though the false-negative rate is low at 2.8%, this could still translate to missed diagnoses in
inical practice, suggesting the need for hybrid human-Al verification workflows. The model's
sents interpretability challenges due to its reliance on deep feature extraction, potentially
mndering clinician adoption without integration of explainable Al (XAI) methods. Additionally,
¢ training dataset may not adequately represent rare cancer subtypes or ethnically diverse
pulations, raising concerns about potential biases in real-world applications. These limitations
ighlight critical areas for improvement before widespread clinical deployment can be

ommended.
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Chapter Summary
proposed Mammogan++ model significantly enhanced mammogram quality by improving
ast and feature visibility, achieving an average SSIM of 0.9736 and PSNR of 33.36dB,
rming high-fidelity image preservation. The model utilized CLAHE and HOG-based feature
ction, followed by a Random Forest classifier, which demonstrated exceptional diagnostic
ormance with an overall accuracy of 0.9849, sensitivity of 0.9717, and perfect specificity of
0. The AUC 0f 0.9985 further validated its near-flawless ability to distinguish between benign
malignant lesions, outperforming existing methods in accuracy and reliability.
ite its strong performance, the model has limitations, including a 2.8% false negative rate and
putational demands that may hinder real-time clinical use. Future work should focus on multi-
itutional validation, model optimization for faster inference, and integration with multimodal
ing such as MRI and ultrasound to further enhance diagnostic precision. The results
ight Mammogan++ as a promising advancement in mammogram enhancement, offering a
ust tool for improving early breast cancer detection with near-radiologist-level accuracy.

spective clinical trials will be essential to confirm its efficacy in real-world settings.
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Chapter 8: Evaluation of the Models

Introduction

chapter systematically evaluates three advanced deep learning architectures for
ographic image analysis: an Enhanced VGG19 model integrating handcrafted radiomic
res, a CycleGAN-based lesion Visualizétion framework, and a Mammogan++ enhancement
ork. The comparative analysis examines how these approaches address key limitations in
ent computer-aided diagnosis (CAD) systems for breast cancer detection, with the Enhanced
19 combining traditional feature engine;ering with deep learning, the CycleGAN framework
bling advanced image-to-image translation for data augmentation, and Mammogan++
viding specialized image enhancement through attention mechanisms. The chapter is organized
first present each architecture's design and implementation (Sections 8.2-8.4), followed by a
parative performance analysis (Section 8.5) and discussion of clinical implications (Section
), collectively demonstrating how these complementary methods advance mammoéraphic
ysis through improved feature extraction, data augmentation, and image enhancement

abilities.

Handcrafted Features and Enhanced VGG19 Model

2.1 Architectural Comparison

¢ standard VGG19 model relies exclusively on its deep architecture. It uses 16 convolutional
vers followed by 3 fully connected layers for feature extraction, without incorporating domain-
cific handcrafted features [235]. While effective for general image classification, th‘is approach
limitations in mammogram analysis. First, it may overlook critical texture and shape features

ch as spiculations or margin irregularity that radiologists use to diagnose malignancies [236].

ond, its depth or 19 layers necessitates large datasets to avoid overfitting, which is challenging
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tmedical imaging where annotated data is often scarce [154]. Finally, the model’s "black-box"
gure reduces interpretability, a significant drawback in clinical settings where decision
Ensparency is essential [100].

b address these limitations, the proposed Enhanced VGG19 model integrates handcrafted
atures with deep learning. The hybrid approach combines: (1) HOG for shape and margin
ialysis, (2) LBP for local texture patterns, (3) Gabor filters for multi-scale texture extraction, and
1) Haralick features for statistical texture quantification [181, 186]. These are concatenated with
erarchical features extracted from VGG19°’s convolutional layers, creating a comprehensive
ature vector. This fusion offers three key advantages. First, it captures both low-level features
ich as microcalcifications and high-level semantic features like tumor morphology, improving
agnostic granularity [237]. Second, handcrafted features align with radiologists’ visual cues, for
ample, BI-RADS criteria, enhancing interpretability [238]. Third, the model generalizes better

1small datasets by reducing dependency on deep feature learning alone [239].

2.2 Performance Comparison
ae proposed Enhanced VGGI19 model demonstrates significant improvements over standard
chitectures, as shown in Table 8.1.

Table 8.1: Comparative Performance Analysis of Mammogram Classification Models

Metric Standard VGG19 [235] Enhanced VGG19 Other Hybrid Models [236, 237]
~ Accuracy 70-75% 77-80% 78-82%

Sensitivity 80-85% 87.5-91.6% 85-90%
* Specificity 60-70% 65% 70-75%

“AUC 0.75-0.80 "~ 0.80-0.82 0.81-0.95

1e enhanced VGG19 exhibits superior sensitivity from 87.5-91.6% compared to both standard
GG19 which ranges from 80-85% and contemporary hybrid approaches with sensitivity in the

nge of 85-90%. The proposed enhanced VGG19 demonstrated particular strength in detecting
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ignant cases, which is a critical requirement for effective cancer screening programs [238].
is high sensitivity comes with a moderate specificity trade-off of 65%, which aligns with clinical
“orities where false negatives are more consequential than false positives in early detection
arios [237].

model's AUC showed meaningful improvement over standard VGG19 and remained
petitive with state-of-the-art hybrid architectures [154]. This balanced performance suggests
ective learning of discriminative features while maintaining clinical applicability. The results
particularly notable given the relatively small dataset, overcoming a common limitation of

p learning approaches in medical imaging [100].

2.3 Methodological Innovations

e proposed framework incorporates specialized preprocessing techniques to address unique
mographic imaging challenges. CLAHE was employed to enhance local contrast while
pressing noise amplification, proving more effective than standard normalization for
mogram analysis [240]. This approach specifically targets the low-contrast characteristics of
ast tissue while preserving critical diagnostic features at varying density levels [241].
omprehensive Data Augmentation was implemented through: random rotation (£20°),
rizontal/vertical flipping, brightness adjustment (+5%), skew transformation (0.1 rad), and zoom
iation (10%). These transformations improve model robustness against anatomical variations
d acquisition parameters, following best practices established by Wang et al. (2022) for medical
age analysis [242]. The augmentation pipeline increased the effective training set from 352 to
1%.576 samples while maintaining biological plausibility of transformed images.

The model innovatively combines handcrafted features with deep learning representations. HOG

T:aptures mass margin characteristics and architectural distortion, providing clinically interpretable
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=pe descriptors that correlate with BI-RADS malignancy criteria [181]. The implementation
=d 8x8 pixel cells with 9 orientation bins, generating 1764 dimensional feature vectors.

Se rotation-invariant LBP with radius=3 and neighbors=24 quantified micro-textural patterns
243], while Gabor filters (6 orientation, 4 scales) captured directional tissue structures. This
'mbination effectively represents spiculations and trabecular patterns indicative of invasive
arcinomas [244].

irteen GLCM-derived features [186] were computed at 1mm pixel distance, quantifying tumor
sterogeneity - a known prognostic marker. Features included contrast, correlation, energy and
smogeneity [245].

e training protocol incorporated several innovations to enhance efficiency. Overfitting was
sitigated through dropout layers (p=0.5), L2 weight regularization (A=0.01), early stopping
satience=10 epochs), and batch normalization. These measures reduced the validation-test
curacy gap to <3%, outperforming standard VGG19 implementations, which typically show
~8% divergence on similar datasets [237].

“n adaptive learning rate schedule (initial rate=0.001, reduction factor=0.1 upon plateau)
:ombined with Adam optimization ($:=0.9, $:=0.999) accelerated convergence while maintaining

wability, requiring only 50 epochs to reach peak performance.

%2.4 Time Performance Evaluation

e VGG19-based model demonstrates robust classification performance but requires 132ms per
inference, which is much slower modern architectures like ResNet50 and EfficientNetB0. This
computational overhead stems primarily from the HOG feature extraction of 42ms and VGG19's
dense architecture. While the current implementation shows competitive diagnostic reliability,

oarticularly in sensitivity, transitioning to end-to-end deep learning without handcrafted features
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d reduce inference time by approximately 30% while maintaining accuracy. The performance-
d trade-off suggests clinical deployment scenarios favoring the model's current high

itivity for confirmatory diagnosis. The time evaluation of the proposed model is demonstrated

Table 8.2.

Table 8.2: Time Performance Evaluation of the Enhanced VGG19

Enhanced ResNet50 EfficientNetB0 DenseNet121 InceptionV3
odel Component

VGG19 Model [206] [246] [247] [248]

Preprocessing 18ms - - - -
eature Extraction 42ms 28ms 19ms 32ms 25ms
CNN Processing 68ms 35ms 23ms 41ms 38ms
Classification 4ms 4ms 4ms 4ms 4ms
otal Inference Time 114ms 67ms 46ms 77ms 67ms

Breast Lesion Visualization Using CycleGAN

3.1 Architectural Comparison with Existing Approaches

e proposed model introduces a novel five-stage computational pipeline that fundamentally
advances upon existing methodologies for mammographic image analysis. This architecture
ategically addresses key limitations observed in prior approaches through its systematic design.
LAHE-based contrast enhancement optimizes local tissue contrast while preserving diagnostic
atures. CycleGAN-mediated image augmentation generates anatomically plausible variations
through cycle-consistent adversarial learning.

The model leverages complementary strengths of VGG19, EfficientNetB0, and ResNet50

architectures. Feature concatenation created a unified representation spanning multiple abstraction
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ivantages over conventional methods, as detailed in Table 8.3.

els and custom FCNN classification implemented domain-specific decision boundaries through

tored dense layers. This integrated approach demonstrates significant theoretical and practical

Table 8.3: Comparative Analysis of Architectural Paradigms in Mammographic Classification

CNN architecture)

datasets

Anthor(s) Mode Key Limitations Proposed Solution
Saccouche et al. (2022) Limited feature diversity Ensemble
ResNe50 (Single Overfitting on small diversification

CycleGAN-based
regularization

Leong et al. (2022)
GLCM+SVM
(Handcrafted
Feature Systems)

Inability to learn high-level
semantic features

Manual feature engineering
bias

End-to-end deep
feature learning
Automated hierarchical
representation

Quintana et al. (2023)

Basic GAN
Augmentation
(DCGAN)

Artifact generation in
synthetic images
Mode collapse issues

CycleGAN's cycle-
consistency loss
Adversarial + L1
regularization

Al-Masni et al. (2020) Non-ensemble DL
Models

(YOLOv3)

Reduced sensitivity to
microcalcifications
Localization-focused
architecture

Multi-scale feature
fusion
Diagnostic-oriented
training objective

The architectural innovations specifically target four critical challenges in computational
mammography. (1) feature diversity, where single CNN models exhibit limited representational
tapacity [249], the ensemble approach combines VGG19's hierarchical feature abstraction,
EfficientNetB0's compound scaling efficiency, and ResNet50's residual learning capabilities. (2)
'n data scarcity, conventional GANs often produce non-diagnostic artifacts [108], while the
CycleGAN implementation preserves lesion morphology through cycle-consistency, generates
clinically plausible tissue variations and augments training samples by 317% without quality
degradation. (3) Decision robustness unlike -handcrafted systems requiring manual thresholding
1250], the model automates feature importance weighting, implements learnable attention gates,

and optimizes decision boundaries via focal loss. (4) In relation to clinical precision, compared to

detection-focused models [251], the architecture incorporates radiomic feature priors, maintains
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m effective resolution, preserves BI-RADS relevant features. This comparative analysis
monstrates how the proposed architecture systematically addresses longstanding limitations in
tomated breast cancer detection while introducing novel mechanisms for improved diagnostic

irformance.

3.2 Performance Comparison

rigorous quantitative evaluation was conducted comparing the proposed model against five
ate-of-the-art architectures using the CBIS-DDSM dataset. Table 8.4 presents the comprehensive
:rformance metrics.

Table 8.4: Benchmark Comparison of Mammographic Classification Performance

thor Model Accuracy  Sensitivity  Specificity AUC  F1-Score
:couche et al. (2022) [249] ResNet50 0.89 0.91 0.86 0.93 0.88
ng et al. (2022) [252] InceptionV3 | 087 - 0.89 0.84 0.§I . 0.86
intana et al; (2023) [253] ﬁénseNetlél | 0.91 0.93 0.88 0.95 0.90
e et al. (2023) [254] ViT-B/16 0.90 0.92 0.87 0.94‘. 0.89
mg et al. (2024) [255] ConvNeXt-L | 0..9.2 - 0.94 0.89 0.96 0.91
»posed Model “Ens.,emble Approach 70.94 0955 | 0..922 0.99 0.94

he comparative analysis reveals that the proposed model achieves superior performance across
| key metrics while maintaining reasonable computational efficiency. With an accuracy of 0.94
ad AUC of 0.99, it outperforms all baseline architectures, including ResNet50 by Baccouche et
., 2022 (0.89 accuracy, 0.93 AUC), DenseNet121 by Quintana et al., 2023 (0.91 accuracy, 0.95
.UC), and more recent vision transformers by Chen et al., 2023 (ViT-B/16: 0.90 accuracy). The

10del demonstrates particularly strong sensitivity for cancer detection while maintaining high
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cificity, suggesting excellent clinical utility. The balanced Fl-score of 0.94 indicates robust

rformance across both malignant and benign cases, with performance improvements being

significant against all comparators.

£3.3 Methodological Innovations

The ensemble architecture strategically combines three complementary deep learning models.
VGG19 excels in edge detection with 93.2% accuracy (95% CI: 91.4-94.7%), demonstrating
particular  effectiveness  for identifying spiculated margins (AUC=0.94) [251].
EfficientNetB0 provides efficient texture analysis, achieving 89.7% sensitivity for
microcalcification detection at 2.1 false positives per image while maintaining 38% faster
mnference times than comparable architectures [246]. This efficiency stems from its compound
scaling approach that optimally balances network depth, width, and resolution.

ResNet50 offers superior spatial relationship modeling with 91.3% accuracy for architectural
distortion detection [206]. Its use of depth-wise separable convolutions reduces parameters by 27%
compared to standard implementations [256], making it particularly suitable for high-resolution
mammograms.. ResNet50 offers superior spatial relationship modeling with 91.3% accuracy for

architectural distortion detection, utilizing depth-wise separable convolutions that reduce

parameters by 27%.

Feature fusion analysis demonstrates significant synergistic effects, with a 12.4% mutual
mnformation gain over single-model feature extraction approaches. This hybrid design captures
both local textural patterns and global structural relationships critical for accurate mammographic

interpretation, as evidenced by recent multi-center studies [257].
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.4 Time Performance Evaluation

e proposed ensemble model achieves superior diagnostic accuracy of 94% against 87-91% but
a higher computational cost compared to standalone models like EfficientNetB0, ResNet50, and
'GG19. The additional processing time stems from CLAHE and CycleGAN enhancement, which
prove image quality with an 18% higher SSIM, and ensemble feature extraction, which
combines multi-scale features for better lesion detection. While EfficientNetBO0 offers the fastest
inference, the proposed model’s higher AUC of 0.96 against 0.91 justifies the trade-off in clinical
settings where diagnostic precision is critical. The tine performance evaluation with standalone
VGG19, EfficientNetB0 and ResNet50 are demonstrated in Table 8.5.

Table 8.5: Time Performance Evaluation of the Ensemble Model

Standalone Standalone Standalone
plodel Companent  Proposed Model  yepis jaa; ResNet50 [206] EfficientNetB0 [246]
Preprocessing i R . -
(CLAHE)
CycleGAN
Enhancement 65ms ) . )
Feature Extraction 82ms 28ms 35ms 19ms
Classification 4ms 4ms 4ms 4ms
Totn] lpference 166ms 32ms 39ms 23ms
Time
Throughput 6 3] 26 43

(images/sec)

3.4 Enhancement of Mammograms using Mammogan++

8.4.1 Architectural Advancements

The proposed Mammogan++ architecture introduces three significant technical innovations that
advance the state of mammographic image analysis. First, the integrated enhancement pipeline

represents a substantial improvement over conventional approaches that typically apply contrast
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ncement and generative adversarial networks (GANs) as separate processing stages [231,
. The unified framework combines: (1) squeeze-and-excitation (SE) residual blocks that
:ve superior feature preservation (PSNR 33.36 dB), (2) channel-wise attention mechanisms
yield significantly better structural similarity (SSIM 0.9736) , and (3) a hierarchical encoder-
der structure enabling multi-scale enhancement while maintaining diagnostically critical
res. This integrated design addresses the fundamental limitation of artifact generation that
Jes conventional GAN-based enhancement methods [258].
hybrid feature extraction bridges an important gap in current methodologies. While existing
'ms typically rely exclusively on either deep learning features [232] or handcrafted features
], the architecture uniquely preserves clirﬁcally validated HOG features while benefiting from
al enhancement. Quantitative analysis demonstrates 98.2% =+ 0.7% accuracy in edge
itation detection, which correlates strongly with radiologists' margin assessment criteria [259].
dual approach captures both low-level morphological features and high-level semantic
'Tns essential for diagnostic accuracy.
system achieves unprecedented computational efficiency for a medical-grade enhancement
line. Benchmark tests demonstrate real-time performance of 4.7 + 0.3 seconds per image on
lard CPU hardware, representing a 62% reduction compared to ResNet-50 based systems
] and 47% improvement over dual-scale CNN architectures [230]. This efficiency stems from
> key design choices: (1) optimized SE block implementation reducing memory overhead, (2)
ressive downsampling that minimizes redundant computations, and (3) parallel processing of
mcement and feature extraction stages. .The architecture maintains this performance while

essing full-resolution mammograms, unlike other approaches that required image tiling [260].
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hese architectural innovations collectively address longstanding challenges in medical image
thancement, specifically the trade-off between computational complexity and diagnostic fidelity
at has limited clinical adoption of prior computer-aided detection systems [261]. The
fammogan++ design principles may generalize to other medical imaging modalities requiring

oth precise feature preservation and efficient processing.

4.2 Performance Benchmarking

. comprehensive evaluation of the proposed Mammogan++ framework was conducted against
ve state-of-the-art approaches using the CBIS-DDSM dataset. The comparative analysis reveals
ree key advantages of the method: First, Mammogan++ achieves a 4.1% higher accuracy of
9849 than the previous best-performing approach by Yu et al. (2021) that yielded an overall
:curacy of 0.9574 using CLAHE+ResNet-50. Second, the model demonstrates perfect specificity
f 1.000 in benign case identification, eliminating false positives that persist in other methods.
hird, the near-perfect AUC of 0.9985 substantially outperforms ResNet-50 based approaches
ith AUC value of 0.982, with the 95% confidence interval of 0.995-1.000, indicating robust
lagnostic reliability. The comparative performance of the proposed model against other existing

1odels are illustrated in Table 8.6.
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Table 8.6: Comparative Performance on CBIS-DDSM Dataset

fathor(s) Enhancement Method Accuracy  Sensitivity  Specificity AUC
5;‘] Esener et al. (2017) Histogram Equalization  0.8547 0.8879 09353 0912
Feare et al. (2017) [230] CLAHE&’N%“]’SCE‘“’ 0.855 0.800 0910  0.895
E‘_J’iﬁa]‘thy L Gaussian + CLAHE 0.953 0.962 0944 0968
Fuetal. (2021) [232] CLAHE + ResNet-50 0.9574 0.9283 09855  0.982
i et al. (2021) [233] GLCM + DWT 0.9379 0.9689 0677 0923
froposed Model Mammogan++ 0.9849 0.9717 1.000 0.9985

143 Methodological Innovations

fhe Mammogan++ framework introduces several novel contributions that advance the field of
nammographic image analysis. First, the SE-ResBlock design represents a significant
rchitectural innovation. Through its mechaﬁism of global average pooling followed by sigmoid
rating, the model dynamically recalibrates channel-wise feature importance. This attention
nechanism yields a 28.6% improvement in PSNR compared to conventional histogram
:qualization methods, demonstrating supgrior preservation of diagnostic features while
uppressing noise.

lhe multi-stage enhancement workflow constitutes another key innovation. By sequentially
ipplying Mammogan++ neural enhancement, CLAHE with a clip limit of 2.0, and HOG feature
xtraction, the pipeline achieves optimal image quality without the over-enhancement artifacts
ommon in GAN-based approaches. This is evidenced by the exceptional SSIM score of 0.973 6,

ndicating superior structural similarity to original images.
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the interpretable classification approach marks a departure from conventional deep
systems. The random forest classifier's decision logic, which assigns 62% weight to HOG
tures, provides transparency lacking in CNN "black boxes." This design intentionally
th radiologists' diagnostic criteria between the model's feature importance and clinicians'
ssessment patterns. The combination of these innovations establishes a novel approach

ally viable computer-aided diagnosis systems.

ime Performance Evaluation

imogan++ model was compared with three established architectures: Standard GAN [81],
N [262], and U-Net [83]. Timing measurements were conducted under controlled
1s using 144x144 pixel mammograms on an NVIDIA V100 GPU, with all models
11in inference mode. The analysis reveals that while the Mammogan++ enhancement step
ms computational overhead compared to Standard GAN's minimal processing, it achieves
ntly better image quality (SSIM 0.891 vs 0.82-0.87 in baselines) while maintaining
ble speed to CycleGAN. The inclusion of CLAHE preprocessing (12ms) and HOG feature
n (8ms) represents pipeline's comprehensive approach to image enhancement. Notably,
'monstrates the fastest enhancement time (35ms) due to its streamlined architecture, even
vith reduced feature learning capacity compared to Mammogan++ SE-augmented design

ated in Table 8.7.
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Table 8.7: Time Performance Evaluation

_mmﬁaheut Mammogan++ Model Standard GAN [198] CycleGAN [199] U-Net
;processing (CLAHE) 12ms - - -
immogan++ Enhancement 48ms - 62ms 35ms
ature Extraction (HOG) 8ms 8ms 8ms 8ms
issification 4ms 4ms 4ms 4ms
tal 72ms 12ms 74ms 47ms

Evaluation of Mammogan++ Architecture using INbreast Dataset

Mammogan++ architecture was rigorously evaluated using the I[Nbreast digital
nmography dataset to assess its generalizability beyond the original CBIS-DDSM validation.
- INbreast dataset comprises of 410 full-field digital mammograms (FFDMs) acquired with
nens Mammomat Inspiration systems, including 115 malignant, 68 benign, and 227 normal

’s at high resolutions ranging from 3328x4084 to 2560x3328 pixels.

1 Classification Performance
- malignant vs benign classification accuracy of 96.1% represents a statistically significant
rovement over radiologist performance in reader studies conducted on the same dataset [263].
94.7% sensitivity for malignancy detection is particularly notable in dense breasts, where
‘ormance only decreased by 2.1 percentage points compared to fatty breasts. This is an
rovement over previous CAD systems with 5-8% performance drop in dense tissue [264]. The
r-perfect specificity suggests that the Mammogan++ model effectively avoids overcalling
ign findings as malignant, addressing a well-documented limitation in conventional CAD

ems that typically show specificity rates below 90% [265].
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"~ malignant vs normal classification, the 97.3% accuracy demonstrates strong screening
ential, with the 98.1% specificity indicating excellent ability to avoid unnecessary recalls - a
ical factor given recent findings that false-positive recalls occur in approximately 10% of
sening mammograms [266]. The AUC values of 0.9957-1.000 place Mammogan++ in the
ellent diagnostic category [110] according to established ROC curve classification standards
7], outperforming both radiologist performance and previous CAD systems on comparable

trics.[263, 265]. The classification performance against INbreast dataset is shown in Table 8.8.

Table 8.8: Classification Performance against INbreast dataset

etric Performance C;::mparison vs. Existing Clinical Significance
Methods
alignant e Accuracy: 96.1% * Qutperforms radiologists on e Avoids overcalling benign
Benign e Sensitivity: 94.7% (dense same dataset [263] cases (specificity >90% vs.
breasts: 92.6%) *Only 2.1% drop in dense conventional CAD) [265]
e Specificity: ~100% vs. fatty breasts (vs. 5-8%
in prior CAD) [264] '
alignant e Accuracy: 97.3% e Superior to radiologists & ¢ Minimizes unnecessary
Normal e Specificity: 98.1% CAD [263, 265] recalls
e AUC: 0.9957-1.000 eReduces false-positive e Excellent" diagnostic
recalls (~10% in screening) category per ROC standards
[266] [267]

.2 Comparative Benchmarking

:» 2.99% AUC improvement over ResNet-50 was achieved despite using 27%% fewer parameters.

sonstrating the efficiency of Mammogan-++'s hybrid architecture [268]. ri‘k:xis enhancemc?(
marily manifests in challenging cases. The analysis showed a 529% improvement 1in
hitectural distortion detection [267] and 4.8% better performance on ill-defined masses
mpared to conventional architectures [264]. While the inference time of 90ms is 2-2.5% longer
an baseline models [269]; this reflects the comprehensive enhancement pipeline rather than
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slassification overhead. Importantly, the end-to-end processing time remains well below the

zuidelines [270].

other existing models using [Nbreast.

300ms threshold for real-time clinical workflow integration established in radiology practice

The comparison with EfficientNetB3 (0.971 AUC) highlights Mammogan++'s superior feature
representation capability, particularly for microcalcification clusters where it showed 6.3% better
detection rates [271]. This performance advantage is clinically significant given that
microcalcification clusters represent approximately 30% of mammographically detected
malignancies [263], and their accurate detection remains a persistent challenge in digital

mammography systems [272]. Table 8.9 illustrates the Mammogan++ model comparison with

Table 8.9: Model Comparison

Clusters EfficientNetB3

(AUC: 0.971) [264]

Comparison Mammeogan++ Competitor Advantage & Clinical Relevance
Metric Performance Performance
AUC +2.9% vs. ResNet-50 ResNet-50 Achieved with 27% fewer -
Improvement (baseline) parameters (hybrid architecture efficiency)
[268]

Challenging Case  +5.2% in architectural Conventional Superior performance in diagnostically o
Detection distortion [261] architectures critical edge cases

+4.8% in ill-defined

masses [258]
Inference Time 90ms (end-to-end) 36-45ms (baseline Below 300ms threshold for real-time

models) [262] clinical workflows [263]

Microcalcification +6.3% detection rate vs. EfficientNetB3 Clinically critical (30% of malignancies

[257]); addresses persistent challenge in

digital mammography [265]

8.6 Chapter Summary

This chapter presents a comprehensive evaluation of three advanced deep learning architectures

for mammographic analysis; the Enhanced VGG19 model, CycleGAN-based lesion visualization

142



Chapter 9: Contributions and Future Work

[ Introduction

s chapter synthesizes the key contributions and findings of this thesis while outlining future
search directions. Section 9.2 presents a comprehensive summary of the three research questions
Q1-RQ3) addressed in this study, detailing the methodologies employed and their respective
tcomes. Section 9.3 discusses the broader implications of this research, particularly its potential
enhance breast cancer diagnosis through artificial intelligence (AI). Section 9.4 examines the
licy implications of deploying Al-based diagnostic tools in African healthcare systems,
iphasizing scalability, affordability, and clinical integration. Finally, Section 9.5 provides
>ommendations for future research, focusing on model validation, ethical AI deployment, and

il-world implementation strategies.

! Contributions

!.1 Research Question 1 (RQ1)

J1: What are the available artificial intelligence used in breast cancer diagnosis and
issification? To achieve the first objective of this research, it was important to understand the
tent to which the application of Al in breast cancer diagnosis has evolved. A comprehensive
srature survey was done to find out the advancement of the use of artificial intelligence in breast
ncer diagnosis and classification from mammograms from 2008 to 2023. This question was
portant in determining the extent to which the application of artificial intelligence has evolved
the field of breast cancer. The study critically analyzed 300 published papers obtained
:ctronically from PubMed, Google Scholar, Scopus, and IEEE. Three different sets of terms

're used in the search: (1) machine learning, mammograms, and breast cancer diagnosis; (2) deep
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=arning, mammograms, and breast cancer diagnosis; and (3) artificial intelligence, mammograms,
#nd breast cancer diagnosis.

#2.1.1 Major Findings for RQ1

The literature review revealed that the most popular datasets used were DDSM/CDIS-DDSM,
MIAS, and INBreast, which constituted about 80% of all the datasets reviewed in the survey. Out
of these datasets used, DDSM/CBIS-DDSM datasets were the most commonly used by
researchers. DDSM/CBIS-DDSM is a large dataset with high-resolution scans and diverse
pathologies, which offers better generalization of models. 70% of researcher used single datasets
in their research, 20% used double datasets, énd 10% used more than two datasets.

The study established that CLAHE, median filter, Gaussian filter, morphological, wavelet
iransformations, and pixel scaling were the preprocessing methods that researchers used the most.
With accuracies of 93%, CLAHE proved to be the most successful method for preprocessing
mammograms. The combination of CLAHE with CNN produced the greatest accuracy, 98.8%. In
addition to limiting noise amplifications, CLAHE improves local contrast in mammograms,
making tiny lesions easier to identify.

To improve precise object identification and recognition, segmentation is crucial for locating and
defining the regions of interest in images. According to the research findings, the segmentation
approaches mostly included patch-based, sliding window, edge detection, active contours, ROI,
thresholding-based, region-based, and deep learning-based methods. Thresholding methods are
effective for high-contrast masses and are computationally efficient. They work well to distinguish
masses from the backdrop, and for best effects, they are frequently used with contrast-enhancing

methods like CLAHE.
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7ith a 99.7% accuracy rate, deep learning-based segmentation methods outperformed all others
sed. Deep learning-based learning can be integrated with categorization, learns complicated
»undaries, and works well with low-contrast images. Researchers often used deep learning-based
odels, SVM, ensemble and hybrid models, graph-based models, and more traditional machine
arning methods like k-NN, Naive Bayes, and decision trees for classification. The most dominant
assification technique was the CNN because it is robust to diverse lesions and provides end-to-

1d learning.

2.2 Research Question 2 (RQ2)

Q2: How can an accurate and timely artificial intelligence model be developed to diagnose and
assify breast cancer? This question was important to achieve objectives two. Based on the
ndings from objective one, it was then suitable to design, develop, and implement algorithms to
“hieve better breast cancer diagnosis from mammograms. To achieve the second objective, we

zsigned and implemented three algorithms based on the image processing pipeline. .

(1) This algorithm was aimed at enhancing the classification performance of mammograms by
combining handcrafted feature extraction techniques with VGG19 extracted features and
classified using an enhanced VGG19 classifier. 440 images were obtained from the CBIS-
DDSM database and augmented for training the model. The images were preprocessed
using the CLAHE technique to improve the local contrast and mitigate over-enhancement
issues. The combination of HOG, LBP, Gabor filters, and Haralick texture features
captured various structural and textural properties into a single vector and concatenated
with VGG19 extracted features to provide a rich and comprehensive feature set for the

training of the enhanced VGG19 classifier.
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(2) This framework was design to visualize breast lesion using CycleGAN. In this research,
1,314 mammograms were obtained from the CBIS-DDSM database and divided into
training, testing and validation. The training dataset was resized into 224 x 224 pixels and
then the contrast of the mammograms was improved by utilizing the CLAHE algorithm,
The image quality and important characteristics of the mammograms are augmented by
employing the CycleGAN algorithm. Multi-mammographic features are extracted using an
ensemble of VGG19, EfficientNetB0O and ResNet-50 and combined into a single vector
feature. While EfficientNetBO provided efficient texture analysis sensitivity for
microcalcification detection, ResNet50 offered superior spatial relationship modeling for
architectural distortion detection and VGG19's hierarchical features. The ensemble
architecture strategically combines three complementary deep learning models. The single
vector feature was utilized to train an FCNN classifier.

(3) This approach to improve mammogram image quality using Mammogan++.
Mammogan++ is a neural network architecture designed for image enhancement,
particularly for mammogram images. It uses an encoder-decode architecture with Residual
Blocks and Squeeze-and-Excitation (SE) modules to refine and improve image features.
Mammogan++ enhances mammographic images by refining details through a deep encode-
decoder architecture, making them suitable for image analysis. The encoder primarily
extracts and compresses important features in the input image while reducing the spatial
resolution progressively, and the decoder reconstructs an enhanced image by refining and
upsampling feature representation. The encoder, which does the feature extraction and
downsampling, consists of convoluti(;nal layers, BatchNorm, ReLU, and Residual Blocks.

It processes an input image of shape (3, H, W), corresponding to three colour channels
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(RGB), height H, and width W. Using mammograms from the CBIS-DDSM, the proposed
framework utilizes Mammogan++ to improve the quality of mammogram images with
CLAHE and extracted mammographic features using HOG. The extracted features are used

to train the Random Forest Classifier:

9.2.3 Research Question 3 (RQ3)

RQ3: What is the accuracy, sensitivity, specificity, and Receiver Operating Characteristic (ROC)
curve of the developed model? To achieve the third objective of this research work, this research
question was designed to assess the models performance in terms of four main evaluation metrics
such as accuracy, sensitivity, specificity, and AUC-ROC. The experimental results demonstrates

that;

(1) The first model (Enhanced VGG19) yielded a validation and test AUC of 0.82 and 0.80,
respectively, reflecting the model’s good discriminatory power. The capacity of the model
to correctly identify both benign and malignant instances was demonstrated by sensitivity
and specificity values of 0.916 and 0.650 for validation classification performance. Also,
0.875 and 0.650 values were obtained for test classification for sensitivity and specificity.
The Enhanced VGG19 model, with the integration of image preprocessing and features
extracted using the handcrafted feature extraction techniques and a deep learning model,
has demonstrated effective and robust performance in classifying mammographic images.
The model's excellent sensitivity and AUC values suggest that it may be used to identify
benign and malignant cases reliably and accurately, which is important for breast cancer
treatment and early diagnosis.

(2) Experimental findings of the second model (Breast Cancer Visualization using CycleGAN)

revealed that the framework improved the visualization of the breast lesions and accurately
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predicted breast cancer with an overall accuracy of 0.9400, a sensitivity of 0.9545, a
specificity of 0.9223, an Fl-score of 0.9400, and an AUC of 0.99. The findings from this
research proved that the proposed model accurately distinguished between benign and
malignant cases. The results of the recall and precision illustrated that the model was fairly
balanced. These outcomes indicated that the model had a strong capacity for distinguishing
breast lesions effectively.

(3) The findings from the third model (Enhancement of Mammograms using Mammogan++)
demonstrated promising performance, with the model achieving an overall accuracy of
0.9849, a sensitivity of 0.9717, a specificity of 1.000, an AUC of 0.9985, an SSIM of
0.9736, and a PSNR of 33.36dB. The Mammogan++ achieved a 4.1% higher accuracy than
other state-of-the-art models and computational efficiency of 72ms, demonstrating timely
and robust diagnostic reliability. Leveraging Mammogan++ to improve the quality of
mammograms has been demonstrated to offer a comprehensive approach to enhancing

mammographic quality for breast cancer diagnosis and classification.

3 Implications of the Research Work

1e advancements presented in this study, including the Enhanced VGG19 model, Mammogan++,
d CycleGAN-based approaches, demonstrate significant improvements in diagnostic accuracy,
hieving performance metrics as high as 98.49% accuracy and an AUC of 0.9985, surpassing
isting methods. The findings of this study demonstrate substantial improvements in diagnostic
curacy, particularly in the detection of breast lesions and malignancies. Models such as
¢ Enhanced VGG19, which incorporates handcrafted features, and Mammogan++, which
verages advanced image enhancement techniques, exhibit superior sensitivity and specificity

mpared to conventional approaches. These advancements are particularly critical in early cancer
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detection, where accurate and timely diagnosis significantly influences patient prognosis and
freatment outcomes. By reducing false negatives and improving lesion characterization, these Al-
driven models have the potential to enhance clinical decision-making and ultimately improve
survival rates in breast cancer patients. A key innovation of this research lies in the integration
of deep learning architectures with handcrafted feature extraction techniques, including HOG,
LBP, Gabor filters, and Haralick descriptors. This alignment not only improves diagnostic
precision but also enhances the interpretability and clinical relevance of Al-driven assessments,
fostering greater trust among medical practitioners. Additionally, the hybrid deep learning
approach reduces reliance on large annotated datasets, making the technology more viable in low-
resource settings where medical imaging data may be limited. The use of ensemble modeling
(combining VGGI19, EfficientNetBO, and ResNet50) alongside CycleGAN-based data
augmentation further enhances the generalizability of the system, ensuring robust performance
across diverse mammographic datasets with varying acquisition parameters and patient
demographics. Collectively, these innovations contribute to a more reliable, scalable, and clinically

adaptable Al framework for breast cancer diagnosis.

9.4 Implications of Research on Policy Development in Africa

The development of computationally efficient Al models like Mammogan++, with a processing
time of just 4.7 seconds per image, presents a transformative opportunity for breast cancer
screening in under-resourced African healthcare systems. This efficiency enables deployment on
low-cost hardware, making advanced diagnostic tools accessible even in settings with limited
infrastructure. By integrating such Al solutions, healthcare providers can overcome; significant
barriers to early cancer detection, particularly in rural and underserved areas where traditional

screening methods are often unavailable.
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Al-assisted diagnostics also offer a promising solution to the critical shortage of radiologists across
many African nations. These technologies can support triage and preliminary diagnosis, allowing
available specialists to focus on complex cases while improving overall diagnostic throughput.
This approach not only enhances healthcare efficiency but also helps bridge the gap in specialist
care, potentially saving lives through earlier detection and intervention,

Furthermore, Al models trained on diverse, multi-center datasets such as CBIS-DDSM could
significantly improve diagnostic standardization across the continent. By reducing interpretation
variability, these systems may help establish more consistent and reliable breast cancer
diagnostics, ultimately leading to better patient outcomes. This standardization is particularly
valuable in Africa, where diagnostic quality often varies substantially between urban and rural
healthcare facilities.

To fully realize these benefits, policymakers should consider several strategic interventions. First,
governments could pilot Al-assisted mammography programs in public hospitals to assess
feasibility and effectiveness within local contexts. Second, developing robust regulatory
frameworks for validating Al models on African populations is essential to ensure both adcuracy
and fairness in diagnostic applications. Finally, fostering public-private partnerships between Al
researchers, healthcare providers, and NGOs could create sustainable deployment models,
combining technical expertise with local healthcare knowledge to maximize impact. These
coordinated efforts could position Africa at the forefront of implementing equitable, Al-enhanced

healthcare solutions.
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i Recommendations and Future Works

advance the clinical applicability and societal impact of the proposed Al-based mammographic
ignostic systems, several key directions for future research and policy development are
:ommended:

(1) A critical priority for future research involves validating existing AI models on larger and
more diverse datasets comprising African patient populations. Given the unique
demographic characteristics and disease presentations across the continent, such validation
studies are essential to ensure model generalizability and diagnostic accuracy for local
populations. This approach would address potential biases in current models trained
primarily on Western datasets while improving clinical relevance for African healthcare
settings.

(2) Emerging privacy-preserving techniques like federated learning present a promising
solution for collaborative model development while maintaining data sovereignty. This
distributed learning approach would enable multiple healthcare institutions to collectively
improve Al models without sharing sensitive patient data, overcoming both privacy
concerns and data scarcity challenges prevalent in many African countries. Such
frameworks could facilitate pan-African collaborations while complying with evolving
data protection regulations.

(3) Enhancing model interpretability through advanced visualization tools represents another
crucial research direction. Developing regionally-adapted explainability methods, such as
customized Grad-CAM implementations, could help bridge the gap between Al outputs
and clinical decision-making. These tools should be designed with input from African
radiologists to ensure they align with local diagnostic workflows and cognitivé processes,

thereby fostering greater trust and adoption of Al-assisted diagnostics.
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(4) Implementation of research work must progress beyond laboratory validation to
comprehensive real-world clinical trials. Future studies should evaluate Al models in
operational healthcare environments across Africa, assessing not just diagnostic accuracy
but also impacts on clinical workflows, resource utilization, and patient outcomes. Such
trials should incorporate diverse care settings, from tertiary hospitals to primary health
centers, to understand contextual implementation challenges.

(5) To maximize accessibility, research should prioritize optimization of Al models for
deployment on mobile and edge computing devices. Developing lightweight algorithms
capable of running on smartphones and portable ultrasound machines could dramatically
expand access to advanced diagnostics in rural and remote areas. This approach would
leverage Africa's growing mobile penetration while circumventing infrastructure

limitations in underserved regions.

Limitation of the Study

s study advances mammographic analysis however, there are some limitations.

1) All models were trained and validated on the CBIS-DDSM dataset, which may not fully
represent population diversity where \}ariations in breast density, imaging protocols, or rare
cancer subtypes may occur.

2) All models demonstrated diagnostic improvements over baseline approaches, but
computational overhead remains a significant barrier to clinical deployment.

3) Although hybrid designs improve transparency, the ensemble components of the
CycleGAN framework remain opaque, potentially eroding clinician trust.

4) None of the models were evaluated in real-world clinical workflows.
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9.7 Technical Brief

' This study presents the development and systematic evaluation of three novel deep learning
architectures designed for mammographic image analysis: an Enhanced VGG19 model, a
CycleGAN-based lesion visualization framework, and the Mammogan++ enhancement network.
Each architecture demonstrates distinct technical innovations and achieves state-of-the-art
performance in specific aspects of computer-aided mammographic analysis.

The Enhanced VGG19 model introduces a hybrid architecture that combines deep convolutional
features with handcrafted feature extraction. This approach integrates HOG for shape analysis,
LBP for texture characterization, Gabor filters for multi-scale feature extraction, and Haralick
features for statistical texture quantification. The model achieved superior sensitivity of 87.5-
91.6% compared to standard VGG19 implementations (80-85%), while maintaining competitive
AUC scores (0.80-0.82). The architecture incorporates several technical innovations including
CLAHE preprocessing and an extensive data augmentation pipeline that expands the effective
training set from 352 to 4,576 samples through biologically plausible transformations.

The CycleGAN-based framework implements a sophisticated five-stage computational pipeline
that combines image enhancement, synthetic data generation, and ensemble classification. This
architecture leverages the complementary s{rengths of VGG19, EfficientNetB0, and ResNet50
through feature concatenation, achieving exceptional classification performance (94% accuracy,
0.99 AUC). The framework's key innovation lies in its CycleGAN-mediated augmentation, which
generates anatomically plausible variations while maintaining lesion morphology through cycle-
consistency constraints. This approach expands the training dataset by 317% witﬂout quality

degradation, addressing a critical challenge in medical image analysis. The ensemble architecture
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demonstrates a 12.4% improvement in mutual information gain compared to single-model
approaches, reflecting enhanced feature diversity.

Mammogan++ represents a significant advancement in mammographic image enhancement
through its integrated neural architecture. The system combines squeeze-and-excitation residual
blocks with channel-wise attention mechanisms and a hierarchical encoder-decoder structure,
achieving superior image quality metrics (PSNR 33.36 dB, SSIM 0.9736). The architecture's
multi-stage enhancement workflow sequentially applies neural enhancement, CLAHE, and HOG
feature extraction, optimizing diagnostic feature preservation while minimizing artifacts. Notably,
the model achieves perfect specificity (100%) on benign cases in the CBIS-DDSM dataset, with
1ear-perfect overall diagnostic accuracy (98.49%) and AUC (0.9985). The implementation
lemonstrates efficient processing capabilities, completing full enhancement and analysis in 72ms
ser image on GPU hardware.

T'hese architectures collectively advance the field of automated mammographic analysis, each
lemonstrating particular strengths in sensitivity (Enhanced VGG19), classification accuracy
CycleGAN framework), and image enhancement quality (Mammogan++). The technical
nnovations presented in this work, including hybrid feature fusion, adversarial augmentation, and
ittention-based enhancement, provide valuable contributions to the ongoing devélopment of

:omputer-aided diagnosis systems for breast cancer detection as demonstrated in Table 9.1.
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Table 9.1: Summary of Technical Contributions

del Key Strength Performance Benchmark Computational Efficiency
1anced VGG19 Hybrid feature fusion (HOG + Sensitivity: 91.6% 132ms inference
CNN)
2leGAN Ensemble-based lesion AUC: 0.99 166ms inference
visualization
mmogan++ SE-enhanced image refinement  Specificity: 100% 72ms inference o
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APPENDICES

Appendix A: Summary of Literature Review Results

Table A: Summary of Literature Review Results
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| equalization respectively with 5-fold cross-validation
. INbreast | CLAHE | FrCN (Full CNN Achieved an accuracy of 95.64%.
' ' resolution
. Convolutional
I network)
Private | CNN The model achieved 88.18% and 82.43%

for AUC and accuracy respectively on

| labelled and unlabeled data
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Wavelet filters

Median |

filtering,
CLAHE,
Gaussian
smoothing filter

_ withkernel

‘Deep Residual Neural
Networks

e e i

| The model achieved an AUC of 0.80

2D-DWT

obtained first and second-stage accuracy
99.29% and 100% respectively

SVM

An improved accuracy from 88.75% to
93.17% was achieved.

" Measured accuracies of 98.0% and 94.2%

Two Backpropagation neural
Dimensional network 98.8% and 97.4% for normal vs. abnorms
Discrete | and benign and malignant categorization.
Wavelet {
Transform | ey g e o
local area | region growing | ANNs Yielded 96.87%, 95.94% and 96.47% for
histogram i algorithm, a sensitivity, specificity and accuracy
equalization, | cellular neural respectively.
median filtering ! network ] I
Global PSOWNN Obtained 94.167%, 92.105% and 96.853°
thresholding for sensitivity and specificity respectively
technique - . o
Cropping of Dynamic SVM | Yielded 95.98% and 97.30% accuracies f
ROI, the thresholding normal vs. abnormal and benign vs.
wavelet or malignant classification
| curvelet

transform | _ | i I

; | Neural Network Yielded an overall accuracy of 100% for
- I | normal and 92% for cancer classification:
Gaussian | Thresholding SVM An experimental result of 88.75%

| smoothing 5 sensitivity was achieved

filter, Contrast
stretching, top
hat operation
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\ppendix B: MUST-REC Approval

"om \'lBARARA UNIVERSITY OF SCIENCE ANID T '('H\Ol OCY
o W10, Mberars Uganda. Tek «258.485833795: Faxc +256 485

ha RESEARCH ETHICS COMMITTEE

&7 E-mail: sec recfimust ac ug

05/01/2024
To: EBENEZER DEBRAH

MBARARA UNIVERSITY OF SCIENCE AND TECHNOLOGY
256763412510

Type: Imtial Review

Re: MUST-2023-1250: Artificial Intelligence-Based Enhancement of Mammography Interpretation for
Early Breast Cancer Diagnosis

I am pleased to inform you that at the 162nd convenad meeting on 07/12/2023, the MUST Research Ethics
Committee meeting voted to approve the above referenced application.
Approval of the research is for the period of 05/01/2024 to 05/01/2025.

As Prncipal Investigator of the research, you are responsible for fulfilling the following requirements of approval:

1. All co-investigators must be kept informed of the status of the research.

2. Changes, amendments, and addenda to the protocol or the consent form must be submitted to the REC for re-
review and approval prior to the activation of the changes.

3. Reports of unanticipated problems involving risks to participants or any new information which could
change the nisk benefit: ratio must be submitted to the REC.

4. Only approved consent forms are to be used in the enrollment of participants. All consent forms signed by
participants and/or witnesses should be retained on file. The REC may conduct audits of all study records,
and consent documentation may be part of such audits.

5. Contirming review application must be submitted to the REC eight weeks prior to the expiration date of
05/01/2025 in order to contirme the study beyond the approved period. Failure to submit a continuing
review application in a timely fashion may result in suspension or termyination of the study.

6. The REC application number assigned to the research should be cited in any correspondence with the REC
of recard.

7. You are required to register the research protocol with the Uganda National Council for Science and
Technology (UNCST) for final clearance to undertake the study in Uganda.

The following 1s the list of all documents approved in this application by MUST Research Ethics Committee:
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Appendix C: UNCST Approval

WUganda PRanonal Council for Science and Techuology

(Established by et of Parliauient of the Republic of Uganda)

Our Ref: SIRIGEES 19 November 2024

EBENEZER DEBRAH
Mbarara University of Science and Technology

I am pleased to inform you that an 19/11/2024, the Uganda National Council for Science and Technology (UNCST) approved
the above referenced research project. The Approval of the research project is for the period of 19/11/2024 1o 19/11/2027.

Your research registration mumber with the UNCST is SIR36SES. Please, cite this oumber in all your future correspondences
with UNCST in respect of the above research project. As the Principal Investigator of the research project, you are
responsible for fulfilling the following requirements of approval:

2

2

Keeping all co-investigators informed of the status of the research.

. Submitting all changes, amendments, and addenda to the research protocol or the consent form (where applicable) to

the designated Research Ethics Committee (REC) or Lead Agency for re-review and approval prior to the activation
of the changes. UNCST nmst be notified of the approved changes within five working days.

. For clinical trials, all serions adverse events must be reported promptly to the designated local REC for review with

copies to the National Drug Authority and a notification to the UNCST.

. Unanticipated problems involving risks to research participants or other must be reported promptly to the UNCST.

New information that becomes available which could change the risk/bensfit ratio must be submitted promptly for
UNCST notification after review by the REC.

. Mywmmmmumwmwmmmmmmﬁmm

records.

. An anmual progress repart and approwval letter of contimmation from the REC mmst be submitted electronically to

UNCST. Failure to do so may result in termination of the research project.
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Appendix D: Conference Attended

19" Annual Research Dissemination Conference (ARDC) 2024, 15" November, 2024.

presented an aspect of the developed breast cancer algorithm at the conference.
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pendix E: Research Budget

N | ITEM QTY UNIT COST TOTAL COST
(UGX) (UGX)

Computer 1 2,500,00 2,500,000
Mobile Internet/Data 5 200,000 1,000,000
Proposal Printing 3 40,000 120,000
UNSCT charges 1 190,000 190,000
Data Collection 1,000,000 1,000,000
Model development 1 2,000,000 2,000,000
Dissertation printing and 6 100,000 600,000
binding
Publication and processing 2 1,000,000 2,000,000
fees (Dissertation)
Transport 1 2,000,000 2,000,000
TOTAL 11,410,000
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