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ABSTRACT

Artificial Intelligence (AI) research has emerged as a powerful tool for health-related ap-
plications. With the increasing shortage of radiologists and oncologists around the world,
developing an end-to-end Al-based Clinical Decision Support (CDS) system for fatal disease
diagnosis and survivability prediction can have a significant impact on healthcare profes-
sionals as well as patients. Such a system uses machine learning algorithms to analyze
medical images and clinical data to detect cancer, estimate its survivability and aid in
treatment planning. We can break the CDS system down into three main components:
the Computer-Aided Diagnosis (CAD), the Computer-Aided Prognosis subsystem (CAP)
and the Computer-Aided Treatment Planning (CATP). The lack of trustworthiness of these
subsystems is still considered a challenge that needs to be addressed in order to increase
their adoption and usefulness in real-world applications. In this thesis, using the breast
cancer use case, we propose new methods and frameworks to address existing challenges
and research gaps in different components of the system to pave the way toward its usage
in clinical practice.

In cancer CAD systems, the first and most important step is to analyze medical im-
ages to identify potential tumors in a specific organ. In dense prediction problems like
mass segmentation, preserving the input image resolution plays a crucial role in achiev-
ing good performance. However, this resolution is often reduced in current Convolution
Neural Networks (CNN) that are commonly repurposed for this task. In Chapter 3, we
propose a double-dilated convolution module in order to preserve spatial resolution while
having a large receptive field. The proposed module is applied to the tumor segmentation
task in breast cancer mammograms as a proof-of-concept. To address the pixel-level class
imbalance problem in mammogram screenings, different loss functions (i.e., binary cross-
entropy, weighted cross-entropy, dice loss, and Tversky loss) are evaluated. We address
the lack of transparency in current medical image segmentation models by employing and
quantitatively evaluating different explainability methods (i.e., Grad-CAM, Occlusion Sen-
sitivity, and Activation visualization) for the image segmentation task. Our experimental
analysis shows the effectiveness of the proposed model in increasing the similarity score and
decreasing the miss-detection rate.

Following the cancer diagnosis step, in Chapter 4, we propose a new framework for cancer
survival prediction in CAP systems to precisely predict the estimated survival months of
patients in order to facilitate treatment planning. We combine two main strategies in
solving the cancer survivability prediction problem using Machine Learning techniques.
In the first strategy, we model the survivability prediction task as a two-step problem,
namely a classification problem to predict whether or not a patient survives for five years,
and a regression problem to forecast the number of remaining months for those who are

predicted to not survive for five years. The second strategy is to develop stage-specific
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models, where each model is trained on instances belonging to a certain cancer stage in
order to precisely predict survivability of patients from the same stage. We investigate the
impact of adopting these strategies along with applying different balancing techniques over
the model performance using breast cancer clinical data. The obtained results demonstrate
the effectiveness of stage-specific modeling in both survivability classification and regression.

To incorporate the role of prognosis in determining the most suitable treatment plans for
a cancer patient, in Chapter 5, we propose a novel survival-based framework for treatment
planning. We employ the prediction models developed for stage-specific survival estimation
to determine the best possible treatment plans for breast cancer patients in terms of their
prognostic outcomes. The system generates an ordered list of all possible combinations
of treatments associated with their predicted survival outcomes to offer more comprehen-
sive treatment recommendations. To address the lack of explainability in current systems,
we provide visualized explanations for the predicted survival outcome of different treat-
ment plans. By integrating survival prediction models into treatment planning, healthcare
providers can offer better patient care and help patients and their families make more
informed decisions about the most appropriate course of treatment.

Experiments conducted in different chapters of this thesis demonstrate that the pro-
posed Al-enabled techniques can improve the reliability and explainability of Clinical De-
cision Support Systems to help clinicians make patient-specific assessments and treatment

decisions.
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Chapter 1

Introduction

A Clinical Decision Support (CDS) System is a type of software system that uses patient
data and medical images to assist healthcare providers in making clinical decisions [2]. The
system can analyze patient data, provide diagnostic suggestions, and predict the likelihood
of specific outcomes based on the patient’s condition and medical history. Artificial Intel-
ligence (AI) research has emerged as a powerful tool for health-related applications, with
a growing number of studies and initiatives exploring its potential to transform health-
care. Hence, there is now an increasing trend toward developing CDS systems that leverage
advanced technologies such as artificial intelligence, machine learning, and big data to en-
able the analysis of vast amounts of data and recognize patterns that are unobtainable by
humans [3]. An end-to-end CDS system typically includes three main subsystems for di-
agnosis, prognosis and treatment planning. By combining these components, CDS systems
can provide medical professionals with a comprehensive approach to personalized patient
care in different steps of the clinical decision-making process.

Computer-aided diagnosis (CAD) is a component of CDS systems that uses algorithms
and artificial intelligence techniques to analyze patient data and support medical profes-
sionals in making accurate diagnoses [4]. Al-enabled CAD systems can provide medical
professionals with a data-driven approach to diagnosis, enabling them to make more ac-
curate and timely decisions. By applying Machine Learning techniques, these systems can
identify patterns and relationships that may not be immediately apparent to clinicians. Ad-
ditionally, CAD systems can help reduce errors, improve diagnostic accuracy, and increase
efficiency in healthcare delivery. This type of system can be used in a variety of medical
fields, including radiology, pathology, and cardiology. There are various types of patient
data integrated with CAD systems, such as medical history, diagnostic test results, and
imaging data. However, imaging data is considered to be the most common type of patient
data used in computer-aided diagnosis [5]. CAD systems can analyze various types of medi-

cal images, such as X-rays, computed tomography (CT) scans, magnetic resonance imaging



(MRI), and ultrasound scans, to support medical professionals in diagnosing various condi-
tions. For example, by identifying and segmenting suspicious areas in mammograms, CAD
systems can help radiologists detect and diagnose breast cancer at its early stages.

After a fatal medical condition is diagnosed, medical professionals need to determine
the likely course of the disease and potential outcomes in order to make informed treatment
decisions [6]. This is where computer-aided prognosis (CAP) can be particularly useful. The
CAP system is the second component of clinical decision support (CDS) systems that uses
predictive algorithms and artificial intelligence techniques to estimate a patient’s survival
outcomes based on their medical data. CAP systems can analyze patient data, such as
medical history, lab results, and imaging data, and apply machine learning algorithms
to identify patterns and relationships that may not be immediately apparent to human
clinicians. These systems can provide medical professionals with valuable information, such
as the likelihood of disease progression and the estimated length of survival [7]. It can
also help patients and their families make more informed decisions about their medical care
needs, financial needs, and other aspects of their lives.

In the context of clinical decision-making, treatment planning comes as a crucial step
that determines the most suitable treatment regimen for a patient based on their clinical
information and predicted prognosis. Treatment planning involves choosing from different
treatment options, such as chemotherapy, surgery, radiation therapy, or a combination of
these, to create a personalized treatment plan for each patient. Computer-Aided Treatment
Planning (CATP) aims to help medical practitioners make more accurate and informed
decisions, taking into account all the relevant clinical data available [8]. The treatment plan
should take into account various factors, such as the stage and grade of cancer, the patient’s
age, overall health, and predicted survivability. By incorporating this information into
CATP systems, medical professionals can provide more personalized care to their patients
and make more informed decisions about the most appropriate course of action.

Despite the potential benefits of clinical decision support (CDS) systems, there is still
a long way to go before they are fully trusted by medical professionals [9]. One of the
main reasons for this lack of trust is the concern that CDS systems may not be accurate
or reliable enough to make decisions that impact patient care. To optimize the effective-
ness and adoption of these tools, it is crucial for researchers and developers to improve
the performance of existing methods and understand the preferred mode of assistance by
clinicians for each type of clinical task [5]. In addition, there is a need for greater trans-
parency in how these systems are developed and how they generate their predictions so that
healthcare providers can better understand and trust the recommendations made by these
systems [10]. Moreover, to gain the trust of the medical community, CDS systems need to
be integrated with medical experts rather than seen as a replacement for them. While CDS

systems can provide valuable information and recommendations, they should be viewed as



tools to augment the decision-making capabilities of healthcare providers rather than as a
substitute for their clinical judgment and expertise [11].

This dissertation extends previous research on CDS systems to contribute to improving
the trustworthiness of these systems. Using the breast cancer use case, we investigate
the development process of a trustworthy data-driven CDS system by solving some of the
challenges existing in the different components of the system. In each component, we present
new frameworks and techniques to improve the transparency and reliability of the system.
Our objective is to enhance the reliability and transparency of these systems to push forward
their integration into clinical practice. To achieve this, we explore various frameworks and
techniques that have the potential to improve the performance of each component of the
system. We also focus on improving transparency throughout the development of the system
by promoting inherent explainability over methods that only approximate explainability. By
following these general concepts, we aim to develop a trustworthy and reliable CDS system
that can enhance clinical decision-making and ultimately improve patient outcomes. To sum
up, the integration of Al-enabled CDS systems in clinical practice can facilitate healthcare

providers as follows:

e Improving diagnostic accuracy and efficiency by analyzing vast amounts of patient
data

e Helping to identify rare or complex conditions that may be overlooked by human

clinicians
e Reducing the time needed for data analysis and interpretation

e Enhancing resource allocation by identifying patients who may require more intensive

or specialized care

e Providing personalized treatment plans and shared decision-making with patients

Figure 1.1 outlines the organization and brief contributions in all chapters. As illustrated
in the figure, this thesis investigates the development and viability of an Al-enabled CDS
system, which can be combined with medical knowledge to make clinical decisions, including
diagnosis, prognosis and treatment planning. As illustrated in the figure, the remaining
chapters of this thesis are organized as follows:

Chapter 2 provides a general overview of clinical decision support systems and explains
the motivation behind our study. We discuss the three components of the system considered
in this thesis, namely, computer-aided diagnosis (CAD), computer-aided prognosis (CAP),
and Computer-aided treatment planning (CATP). We explore the challenges associated with
each component and review the literature to identify potential solutions that can address

these challenges.
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Figure 1.1: Organization of all the chapters of the thesis.

We

consider three research problems existing in medical image segmentation, which is a crucial

task in CAD systems that helps identify regions of interest in medical images.

e First, to preserve local spatial resolution in medical images, we propose a double-

dilated convolution module that perceives complex kernels with denser cores in order
to eliminate the problem of decaying local resolutions, which occurs when apply-
ing existing CNN-based segmentation architectures. With the use of the state-of-art
Deeplabv3+ network, we explain our simple implementation of the double-dilated con-
volution, which uses two dilation factors in parallel to replace the traditional dilated
convolution layer used in the original network. To evaluate our proposed convolution
method, we perform our analysis on the publicly available mammogram screenings
provided by the INBreast dataset. The experimental results demonstrate the effec-
tiveness of the proposed module in terms of both Dice similarity and Miss Detection

rate when applied to the mass segmentation problem in mammograms.

e Second, to solve the pixel-level class imbalance problem existing in medical images, we
compare using four widely-used loss functions in training our network to determine

the best-suited method for this medical image segmentation. The results promote



employing the Tversky loss function as a balancing remedy in medical image segmen-

tation.

e Finally, to overcome the lack of explainability in existing medical image segmentation
networks, we apply explainability techniques that provide interpretable segmenta-
tion results. We quantitatively compare the performance of different explainability
methods in terms of complexity and truthfulness. The results show the efficiency of

Grad-CAM in visually explaining segmentation results.

In Chapter 4, we develop a computer-aided prognostic model for cancer survivability
prediction. We propose a new framework to address the disease survivability prediction
problem for patients suffering from multi-stage conditions such as breast cancer (our use
case). Our approach to predicting breast cancer survivability with Machine Learning com-
bines two key strategies. Firstly, we approach the task as a two-step problem, consisting
of a classification task to predict whether a patient will survive for five years or not, and a
regression task to estimate the remaining months of those predicted not to survive for five
years. Secondly, we train stage-specific models for each cancer stage, rather than using all
stages together, to predict survivability for patients within the same stage. We evaluate the
impact of these strategies, along with different balancing techniques, on model performance
using the SEER dataset from the National Cancer Institute. The results showed that our
two-step stage-specific system improved the performance of survival estimation for breast
cancer patients. Additionally, evaluating results for each summary stage separately high-
lighted performance differences between stages, demonstrating the importance of addressing
survivability for each stage individually.

Chapter 5 discusses the development of an Al-enabled prognostic-oriented treatment
planning system. The importance of prognosis in determining effective treatment plans
has not been fully addressed in clinical decision support systems. To address this issue,
this chapter proposes a novel survival-based treatment planning system to provide patient-
specific treatment recommendations based on the estimated prognostic outcomes. The
proposed system provides visualized explanations by employing the feature importance and
the decision path followed to make the decision to ensure the transparency of the prediction
model. By employing the SEER Plus dataset that provides treatment information for
the female patients’ breast-cancer incidence data in the US, we first re-compare different
machine learning-based frameworks developed to predict the survivability of breast cancer
patients after including information about the treatment history of the patient in order
to ensure the superiority of the two-step stage-specific prediction. Then, we evaluate the
proposed system for treatment planning that receives different combinations of possible
options coupled with patients’ clinical data to predict a ranked list of recommended plans

based on the predicted survival outcome of each plan. The results show promising prediction



accuracy for the novel explainable survival-based system. Our analysis shows that both
the disease stage and prognostic outcome are highly correlated with the treatment plan
recommended by medical practitioners for a specific patient, which confirms the need of
developing a stage-specific prognostic-based treatment planning framework for treatment
recommendation.

Lastly, in Chapter 6, we summarize and conclude the thesis and put forward some

future research directions.



Chapter 2
Background

In this chapter, we give an overview of clinical decision systems and highlight the motivation
behind this research. Then, we describe different components of the system (i.e., diagnosis,
prognosis and treatment planning) and discuss the existing challenges in each component

along with the methodologies used in literature to address them.
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2.1 Clinical Decision Support Systems

2.1.1 Overview

The development of the clinical decision support (CDS) system aims to improve health-
care delivery by incorporating health-related data such as clinical knowledge and patient
information into medical decision-making [12]. A CDS system is typically a software tool
that assists medical practitioners in their decision-making process by matching the patient’s
characteristics with a computerized clinical knowledge, and presenting patient-specific as-

sessments or recommendations [3]. By combining clinicians expertise with computer-based



information and suggestions, these systems have been recognized for their potential to mit-
igate medical errors and enhance healthcare quality and efficiency [2].

Clinical decision support systems can be classified into two main categories: knowledge-
based and non-knowledge-based, as shown in Figure 2.1. Knowledge-based systems (KB-
CDSS) rely on human-based medical knowledge and rules to provide decision support. This
is created by subject matter experts who use rules (IF-THEN statements) to program
the system with guidelines, clinical pathways, and algorithms. When a clinician inputs
patient data, the system uses these rules to make suggestions or provide recommendations
based on the data input. Many of the earliest systems of this type were diagnostic decision
support systems, where the system provided information to help the user make the diagnosis
instead of coming up with the answer. One feature of these systems is that they included
high interaction between the medical practitioner and the system as the user was expected
to be active and to interact with the system, rather than just be a passive recipient of
the output [13]. Non-knowledge-based CDS systems, on the other hand, only rely on a
data source and employ computational methods to make data-driven decisions instead of
following programmed medical knowledge. These computational methods include statistical
approaches and Artificial Intelligence (AI) or Machine Learning approaches [3]. In this
thesis, we focus on the Machine Learning-based CDS systems, as they proved to improve
the overall accuracy of clinical decision-making, as demonstrated in previous studies [5].

Machine Learning (ML) involves the development of computational models that enable
computer systems to improve their performance on a specific task by learning from data
without being explicitly programmed. Traditional machine learning algorithms typically
rely on a set of hand-crafted features that represent the patient’s data. These features
are fed into a learning algorithm, such as a Decision Tree [14], a Random Forest [15] or
a Support Vector Machine [16], which learns to map the features to the target output.
On the other hand, Deep Learning (DL) models learn to automatically extract relevant
features from raw data without the need for hand-crafting. This is achieved through the
use of Artificial Neural Networks (ANN) [17], which are composed of a large number of
layers of interconnected neurons that can learn to represent increasingly complex features
of the data.

In this thesis, we consider both traditional ML and DL algorithms in developing different
components of our CDS system. Although DL algorithms have shown state-of-the-art per-
formance in many tasks, traditional ML algorithms are still frequently used in a wide range
of applications, especially where interpretability is important. Traditional machine learning
models are considered more interpretable due to their reliance on direct feature engineer-
ing, which makes them easier for humans to understand [18]. In contrast, deep learning
models involve the use of complex neural network architectures that can contain millions

of parameters, which makes it challenging for humans to interpret the model’s decision-
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Figure 2.1: Different categories of clinical decision support systems.

making process. Therefore, traditional machine learning approaches can be preferred in
healthcare-related applications that depend on tabular clinical data, such as cancer surviv-
ability prediction [19-22], where these models are able to achieve comparable (or sometimes
better) performance than black-box DL models. However, this is not the case with appli-
cations that rely on medical imaging, where DL algorithms, in particular Convolutional
Neural Networks (CNN), have rapidly become a methodology of choice for analyzing med-
ical images [23]. This is because CNNs have been shown to outperform traditional ML
models in image analysis by a large margin [24], and due to their ability to automatically
learn relevant features from raw images. This is crucial in medical image analysis since it is
unfeasible for humans to manually extract features from large numbers of medical images.
Therefore, explainability methods are often needed with CNN-based models to overcome

the accuracy-interpretability trade-off in CDS systems [18].

2.1.2 Challenges

With the increasing shortage of health specialists (e.g., radiologists, oncologists, etc.) around
the world [25], developing a trustworthy data-driven CDS system for disease diagnosis and
prognosis analysis can have a significant impact on healthcare professionals as well as pa-
tients. Such a system uses machine learning algorithms to analyze medical images and
tabular clinical data to detect fatal diseases, estimate their survivability and aid in treat-
ment planning. Despite significant research and development in the area of AT CDS systems,

there is still a long way to go before these systems can be trustworthy and fully accepted
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in clinical practice.

One main reason that hinders the adoption of Al-based CDS systems into clinical prac-
tice is the lack of transparency in these systems [26]. This means that the reasoning behind
the system’s recommendations is often unclear. This is a significant issue because physi-
cians need to be able to understand the rationale behind the system’s recommendations
to make informed decisions for their patients. Additionally, if physicians don’t understand
how the system arrived at a particular recommendation, they may be less likely to trust the
system and may only rely on their own judgment. The main reason for this problem is that
many Al algorithms used in clinical decision systems are complex and difficult to interpret.
These algorithms often rely on multiple layers of neural networks, which can make it chal-
lenging to identify which factors or variables are being considered in the decision-making
process [27]. Furthermore, the data used to train these systems may also be complex and
difficult to understand, making it hard to determine how the system has learned to make
recommendations. In addition to this, the lack of reliability in current CDS systems also
limits the integration of these systems into clinical practice [3]. This calls for revisiting
the ML architectures and frameworks used in developing different components of the CDS
system in order to further improve its accuracy and make it more reliable.

In this thesis, we try to address the trustworthiness problem of data-driven CDS systems
from new perspectives with the objective of improving both the reliability and transparency
of these systems in clinical practice. We experiment with different methods and frameworks
that can potentially enhance the system’s performance and increase reliability. In addition,
we focus on inherently improving the transparency of different components of the system
while incorporating explainable Al approaches. In order to improve the transparency within
the system, we adopt the concepts derived from the work done in [28], which studied the
transparency problem in medical Al from a multidisciplinary view, including technological,
medical and patient perspectives. We summarize the general concepts followed throughout
this thesis while developing different components of the Al-enabled CDS system as follows:
1) Promote inherent explainability by using traditional ML with tabular data. 2) Provide
feature importance on two levels: model level and decision level. 3) Promote visualized
outputs over black-box decisions. 4) Predict outcomes of different treatment options for
patient-centred care.

To carefully examine the existing reliability and explainability challenges and find prac-
tical solutions for them, we break the CDS system down into three main components:
a Computer-Aided Diagnosis (CAD) system, a Computer-Aided Prognosis (CAP) system
and a Computer-Aided Treatment Planning system (CATP). In the following subsections,
we analyze each component of the Al CDS system, survey the literature for the existing

methodology, and identify the possible solutions that can improve its trustworthiness.
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2.1.2.1 Computer-Aided Diagnosis (CAD)

Diagnosis is considered the first and most important component of the clinical decision-
making process [29]. Computer-aided diagnosis (CAD) is a system that uses computer
algorithms to assist clinicians in interpreting medical images and other diagnostic data in
order to identify a disease. An Al-based CAD system uses Machine learning and Deep
learning techniques to help diagnose various medical conditions, such as tumors, fractures,
and lesions, by recommending potential diagnoses or highlighting areas of interest for fur-
ther evaluation [5]. These systems are typically used in conjunction with medical imaging
modalities like X-rays, CT scans, and MRI scans [5]. It has been shown in the literature
how CAD systems can improve diagnostic accuracy and reduce the likelihood of errors,
particularly in cases where the medical images are complex or difficult to interpret [30-32].

When we look at the research done in this area, we can identify two main tasks consid-
ered in the development of CAD systems: medical image classification and medical image
segmentation. The classification task refers to assigning a label or a category to a medical
image based on its content. In other words, classification models aim to provide ready-to-
use diagnostic decisions for the medical team. Despite the high accuracy these classifiers
reached in recent years, they still face resistance by many clinicians, i.e., radiologists and
oncologists, due to the black-box nature of the state-of-the-art deep learning models be-
hind them [26]. In addition to the lack of interpretability, some medical professionals have
shown concerns that automated diagnostic classification systems may replace their jobs or
reduce the demand for their services due to their ability to independently make diagnostic
decisions [11]. On the other hand, the medical image segmentation task aims to partition a
medical image into multiple regions or segments that represent different anatomical struc-
tures or potential lesions within the image. In this thesis, we dedicate all our focus to
studying the medical image segmentation task in CAD systems by identifying the existing
challenges and proposing new solutions. We argue that developing a reliable and explainable
Al-based segmentation model that is able to accurately identify and partition suspicious

regions in medical screening can be of significant importance for the following reasons:

e Visualization of the decision-making process: Medical image segmentation can help
to visualize the decision-making process of Al clinical decision systems. By segment-
ing an image into different regions, the system can provide physicians with a visual
representation of how it arrived at its recommendations. This can help physicians
to better understand the rationale behind the system’s recommendations and make

more informed decisions.

e Integration with medical knowledge: Medical image segmentation can assure medical
professionals that Al clinical decision systems are not intended to replace them as

they only provide information that can complement medical practitioners’ knowledge
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to make the final decisions with higher accuracy in less time. This is crucial for the

successful adoption and integration of these systems into clinical practice [4].

e Identification of errors: Medical image segmentation can also help to identify errors
in Al clinical decision systems. If the system makes a recommendation that does not
align with the segmented regions of an image, it may indicate an error in the system’s
decision-making process. This can help physicians to identify and correct errors in

the system, improving the overall accuracy and effectiveness of the system.

e Improved communication with patients: Medical image segmentation can also help
to improve communication with patients. By providing a visual representation of
the clinical decision, patients can better understand the reasoning behind the recom-
mended course of action. This can help to build trust between patients and physicians

and improve patient outcomes.

Having stated the essential role that medical image segmentation plays in developing
a transparent diagnostic model, it is important to mention that this task is considered
one of the most challenging tasks in medical image analysis [33]. Medical images, such as
CT or MRI scans, often depict complex anatomical structures that can vary significantly
between individuals. The segmentation task is more difficult when the boundaries between
different tissues or organs are not clearly defined, and when the appearance of the tissue
changes due to factors such as inflammation or disease. We surveyed the literature for
existing segmentation frameworks and identified three challenges that we try to address in

our work:

1. Most of the work done in the area of medical image segmentation employed convolu-
tional neural network (CNN) architectures that were originally developed for image
classification. However, the authors in [34] raised the question of the suitability of
these architectures for dense prediction problems such as the medical image segmen-
tation. They argued that successive subsampling layers that reduce input resolution
until a global prediction is obtained in classification networks can harm the perfor-
mance of image segmentation. This is because the nature of dense prediction problems
calls for multi-scale contextual reasoning combined with full-resolution output, which
is not maintained in a typical CNN architecture. Hence, they emphasized the need for
dedicated modules designed specifically to preform this type of tasks. Some solutions
were proposed to solve this reduced resolution problem in image segmentation, includ-
ing multi-scale piecewise training [35] and dilated convolution [34]. Although these
methods managed to reduce the loss of resolution compared to traditional CNN net-
works, there is still room for improvement to further maintain the input image spatial

resolution, which can be crucial in medical image segmentation problems. In chapter
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3, we study the existing methods and propose improvements on the dilated convolu-
tion module to preserve local resolution and achieve better segmentation performance

for medical images.

2. Pixel-level class imbalance is another common challenge in medical image segmenta-
tion, where the number of pixels belonging to different classes of interest (e.g., tumor
and non-tumor) is highly imbalanced. This can lead to poor segmentation perfor-
mance, as the model may learn to assign the majority class label to all pixels to
optimize the objective function [36]. To address this issue, some proposed using an
optimized batch size to include a balanced number of pixels from the majority and
minority classes [37]. Another method employed sampled loss training where the loss
is only calculated for some random pixels instead of the entire image [38]. However,
the most popular solution for this issue is sample re-weighting, where a higher weight
is given to pixels from the minority class during training. This can be controlled by
the choice of the objective function used to calculate the loss during training. Many
loss functions have been proposed for this purpose; however, it remains unclear which
one achieves the best performance. Hence, while developing our medical segmenta-
tion model in chapter 3, we perform an experimental comparison between the most
popular loss functions used in literature for medical image segmentation to identify

the best performing one for this problem.

3. The lack of explainability is one of the main obstacles that hinder CAD adoption
in clinical practice. While the explanation of disease classification networks have re-
ceived attention in previous studies [39], little effort has been dedicated to improving
the explainability of segmentation networks, which also use black-box architectures.
Post-model explanatory analysis of segmentation networks can also aid in detecting
overfitting and learning relevant features, leading to more robust performance. We
address the lack of segmentation explainability in chapter 3 by evaluating the ef-
fectiveness of explainable AT models in medical image segmentation. Our proposed
segmentation network utilizes explainable techniques to ensure transparent and trust-

worthy systems that can be integrated into medical practice.

2.1.2.2 Computer-Aided Prognosis (CAP)

Prognosis refers to the likely outcome of a medical condition or disease based on factors
such as the patient’s medical history, disease stage, and test results. A prognosis is often
expressed in terms of the likelihood of survival over discrete time periods, but it can also
be measured by the expected duration of the disease or the degree of recovery that is likely
to be achieved. The term prognosis is used in this work to refer to survivability prediction

since it is the most common indicator used in prognostic analysis [40]. In the process of
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medical decision-making, once a diagnosis of a fatal disease is made, the prognosis can help
guide treatment decisions [6] and inform patients and their families about the potential
course of their condition. Computer-aided prognosis (CAP) is a relatively new field that
builds upon the foundation of CAD by involving the use of computerized algorithms to
help physicians predict disease outcomes and patient survival. Similarly, Machine learning
and deep learning techniques have been applied to predict disease outcomes and patient
survival. While the majority of research in the field of computer-aided medical decision-
making has been focused on the CAD component, there has been some work done in the area
of computer-aided prognosis for Idiopathic Pulmonary Fibrosis [41], Neuroblastoma [42],
Prostat Cancer [7] and Breast Cancer [7,43].
After reviewing previous CAP systems, we identified three structural shortcomings/research

gaps in the current systems that can contribute to the lack of reliability in CAP frameworks:

1. Lack of stage specificty: In the case of fatal diseases with multiple stages, Al prognostic
models are usually developed for patients from all disease stages together, which means
that incidences from all stages are modeled together. This stage-agnostic modeling
raises concerns that this can harm the performance of the system since different stages
of fatal disease can largely vary in their prognostic patterns [44]. For example, in the
case of breast cancer, the five-year survival rate for women diagnosed with localized-
stage breast cancer was as high as 99%, whereas the rate was only 29% for those
with distant stages during the same time period [45]. Hence, modeling all stages
together can lead to inaccurate predictions and unreliable results, which contribute to
the lack of overall trustworthiness. Moreover, this approach can make the predicted
prognostic results ambiguous and difficult to interpret by medical practitioners since
the important features that determine the outcomes of a disease can be different
depending on the stage at which it was discovered [46]. Therefore, more work needs
to be done to investigate the viability and effictiveness of prognostic stage-specific

modeling of multi-stage diseases. This is studied in chapter 4.

2. Lack of prediction specificity: Most studies conducted for survivability prediction of
fatal diseases aim to only perform survivability classification rather that regression.
For example, the majority of cancer prognostic models focus on predicting whether
or not a patient will survive for five years. This may not be sufficient for medical
decisions, where precise estimation of patients’ survival time plays a significant role in
deciding treatment recommendations and personalized medicine [29]. To illustrate,
a 5-year survival classifier can predict the same label for a patient who is likely to
survive for only 1 month as well as the one who is predicted to survive for 59 months,
as they both are predicted to not survive for 5 years. This lack of precise information

can make the prognostic decisions hard to understand and rely on. Hence, providing
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detailed predictions in a clinical decision system is important to improve CAP systems’

reliability, improve accuracy and promote personalized care for the patients.

2.1.2.3 Computer-Aided Treatment Planning (CATP)

Treatment planning is a crucial step in the process of providing effective healthcare services
to patients. It involves developing a plan of care that is typically done collaboratively
between the healthcare provider and the patient, taking into consideration the patient’s
medical history, current health status, and the predicted outcome of the diagnosed disease.
Computer-aided treatment planning (CATP) refers to employing computational methods
to assist medical practitioners in determining the most appropriate treatment plan for a
patient. The development of CATP systems is still a relatively new research area that has

not received as much attention as CAD and CAP systems [8].

1. Lack of prognostic-oriented treatment planning: Although the role that prognosis
can play in treatment recommendation has been greatly emphasized in medical re-
search [6,29], very little attention was given to the development of prognostic-based
treatment planning models in CDS systems [47]. Prognosis can be an important indi-
cator in making decisions regarding treatment plans, such as whether to pursue more
aggressive therapies or focus on palliative care. This information can help clinicians
give more personalized care to their patients while providing realistic expectations
of the possible treatment options to patients and their families. Therefore, it is im-
portant to develop treatment recommendation systems where survival prediction is
used to suggest pathways for treatment. In chapter 5, we propose a new framework
for survival-based treatment planning. To ensure detailed and intuitive recommen-
dations, we provide a list of all possible combinations of treatments associated with
their survival prediction, instead of providing just one recommended treatment for

the medical professional.

2. Lack of comprehensive treatment planning: Although many therapy approaches can
be considered while deciding on a treatment plan (e.g. surgery, chemotherapy, ra-
diation, etc.), most of the previous studies only considered one type of therapy in
their CATP systems and developed models to optimize the parameters of this treat-
ment method (e.g. radiotherapy parameters) [48-51]. Hence, it is important to de-
velop treatment recommendation systems that account for all possible combinations

of treatment options and recommend the best-suited one for patient-centred care.

3. Lack of transparent treatment planning: Many proposed models for treatment out-
come prediction in cancer care have utilized black-box machine learning architectures

[48,50], which can make it difficult for oncologists and healthcare providers to un-
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derstand and trust the automated decisions. Therefore, there is a growing need to
develop more explainable models for treatment outcome prediction that can help to
address the transparency concerns and improve the integration of CATP systems in

clinical practice.

2.2 Breast Cancer Use Case

In this thesis, we propose new methods and frameworks to address existing challenges and
research gaps in the three components of the CDS system to pave the way toward its usage
in clinical practice. Although the proposed methods have the potential to be applied to
many fatal diseases, we select the breast cancer use case to perform our analysis and develop

different components of our CDS system for the following reasons:

1. Breast cancer can be the best-suited option to evaluate our double-dilated CNN-based
segmentation network for preserving local resolution in medical images. This is be-
cause breast cancer screenings are known to be highly heterogeneous, meaning that
they often include large areas of dense fibrous tissue, glandular tissue and fatty tissue
[52]. As reported by the National Cancer Institute (NCI) in the US, around 40%
of women have heterogeneously dense breast tissues, which makes it harder to find
small masses in the breast tissue on a mammogram [53]. Improving the segmentation
network architecture to maintain local spatial information of the mammogram images
can help reduce the miss-detection rates by potentially identifying small masses in
dense breast tissues, which is why we perform our analysis in Chapter 3 on mammo-
gram screenings. This can serve as a proof-of-concept to show the effectiveness of the
proposed idea so that it can be adopted in other medical image segmentation tasks

where preserving local resolution can also be crucial.

2. Breast cancer is an ideal candidate to evaluate our proposed two-step stage-specific
survival prediction framework for multi-stage diseases. This is because the stage
of breast cancer is known to have a significant impact on a patient’s survivability
outcomes. For example, between 2011 and 2017, the five-year survival rate for women
diagnosed with localized-stage breast cancer was 99%, whereas the rate was only 29%
for those with distant stages [45]. In addition, breast cancer has a well-defined staging
system that considers the size and location of the tumor, the extent of lymph node
involvement, and the presence of metastasis to other parts of the body [54], which
can benefit the development of our proposed survival prediction system in Chapter
4. Our proposed system can be potentially applied to other multi-stage diseases to

improve the accuracy of survivability estimation.
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3. Breast cancer is also an optimal choice for developing a computer-aided treatment rec-
ommendation system because of the availability of large and diverse electronic health
records for breast cancer patients. For example, the last release of the Surveillance,
Epidemiology, and End Results (SEER) database included 1,425,552 breast cancer
incidences, which accounts for the largest number of records belonging to one cancer
type (15.2% of all new cancer cases from 28 different types of cancer) [54]. Moreover,
it has been established that the stage of breast cancer greatly affects the treatment
options, which makes it a suitable use case for our stage-specific treatment planning
system proposed in Chapter 5. However, our survival-based treatment planning sys-
tem can also be adopted in other multi-stage diseases to recommend patient-specific

treatment plans based on the projected survivability.

4. In addition to the above-mentioned reasons, breast cancer is the most common cancer
in women worldwide, accounting for 25% of all cancer cases in women [55]. According
to the World Health Organization (WHO), there were 2.3 million new cases of breast
cancer and 685,000 deaths from breast cancer globally in 2020, corresponding to 16%
or 1 in every six cancer deaths in women [56]. These rates can be reduced by improving
the reliability of current CDS systems using new solutions to existing challenges in

different components of the system, as illustrated in the next chapters.

To understand the workflow of this thesis, in the next few lines, we provide an overview
of breast cancer diagnosis, prognosis and treatment planning. First, breast cancer can be di-
agnosed through several screening methods, including mammography, ultrasound, magnetic
resonance imaging (MRI), and positron emission tomography (PET) may also be used, but
they are less common. The most effective approach for the early detection of breast cancer
is currently considered to be X-ray mammography [57]. In many countries, asymptomatic
women are encouraged to undergo annual mammographic examinations to detect clinically
unsuspected lesions in the breast. Mammography involves capturing two images of each
breast: the craniocaudal (CC) view, which is a top-to-bottom view, and the mediolateral
oblique (MLO) view, which is a side view. These images can be obtained using x-ray film,
such as a film-screen mammogram, or in digital format using full-field digital mammography
(FFDM) [58]. Radiologists look for suspicious lesions in the images, such as masses and
calcifications, in order to diagnose breast cancer. A breast biopsy, which involves remov-
ing a small tissue sample for examination under a microscope, is often needed to confirm
a positive diagnosis that was made based on mammogram screenings. Early detection is
critical in the successful treatment of breast cancer. When breast cancer is detected in its
early stages, treatment options tend to be more effective and less invasive, leading to higher
chances of survival and better quality of life for the patient [59]. For this reason, CAD

systems have emerged as a promising tool to help with the early detection of breast cancer.
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Figure 2.2: Breast Cancer Clinical Decision-Making Pipeline.
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Although many factors can affect a breast-cancer patient’s prognosis, including age and
tumor characteristics, the survival rates for breast cancer greatly vary depending on the
stage of the disease at the time of diagnosis. According to the American Cancer Society,
between 2011 and 2017, the five-year survival rate for women diagnosed with localized-
stage breast cancer was as high as 99%, whereas the rates were only 86% and 29% for those
diagnosed at regional and distant stages, respectively [45]. Survival prediction for breast
cancer patients is widely acknowledged as an important aspect of clinical decision-making.
It helps oncologists and patients to make informed decisions about the most appropriate
treatment plan based on the individual patient’s prognosis. Treatment options for breast
cancer depend on the type, stage and projected outcome of the disease and may include
surgery, radiation therapy, chemotherapy, hormone therapy, and targeted therapy [60]. For
this reason, CAP systems have arisen as a potential tool for forecasting the survivability of
breast cancer patients and providing personalized treatment recommendations.

In this thesis, we develop computer-aided breast cancer CDS systems for diagnosis,
survivability prediction and treatment planning using Al technologies. Figure 2.2 depicts
an overview of the pipeline of the breast cancer decision-making system from screening to
treatment planning while showing how our CDS is integrated with medical knowledge in
this paradigm. First, out of different breast screening modalities, the 2-D mammogram
screening is used in our analysis as it is the most common method used for early breast
cancer diagnosis. Then, Al-based medical image segmentation is applied to identify poten-
tial masses in the input mammogram images. Our proposed semantic segmentation system
is studied in detail in chapter 3. Next, the segmented images are examined by medical
professionals to make the final diagnosis. If a positive diagnosis is made, a biopsy is per-
formed to verify the diagnosis and verify the diagnosis and collect additional features of the
disease. These features are then passed to the computer-aided survival prediction system
developed in 4 to estimate the remaining survival time for a patient. These prognostic mod-
els are incorporated with possible treatment options used with previous patients to create a

survival-based treatment planning system that predicts recommended treatment plans for
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a specific patient, as proposed in chapter 5.

2.3 Integration With Healthcare Systems

In recent years, many healthcare providers have shifted from paper-based records and man-
ual processes to Electronic Health Record (EHR) systems. EHR is a software technology
that provides an electronic version of a patient’s medical history that includes information
such as diagnoses, medications, lab results, and other clinical data. It is designed to im-
prove patient care by providing healthcare professionals with easy access to comprehensive
patient data. There are many different EHR software options available in today’s market,
each with its own features and capabilities. Some of the most commonly used EHR software
in Canada include Meditech, Epic, and Cerner [61]. These software solutions are used by
hospitals, diagnostic labs, and other healthcare organizations to manage patient data and
streamline clinical workflows.

Recently in April 2023, Microsoft and Epic announced that they will integrate the Mi-
crosoft Azure Open-Al Service with Epic’s EHR platform. This integration aims to extend
natural language queries and interactive data analysis to Epic’s self-service reporting tool
[62]. This announcement confirms the increasing interest in integrating AI tools into cur-
rent healthcare systems, which suggests the need to address the trustworthiness challenges
in previous Al-based Clinical Decision Support systems. Our CDS system proposes new
solutions and frameworks that improve the reliability of the CDS system by preserving local
resolution in medical image segmentation, ensuring stage and prediction specificity in sur-
vival prediction, and providing prognostic-based treatment planning. It also addresses the
lack of transparency in different system components by providing visualized explanations
for the system’s automated decisions at each step.

To integrate the Al-based CDS system into current healthcare systems, we can think
of two different approaches. The first approach is to adopt the proposed machine-learning
models into the EHR systems by the EHR software companies, which often requires col-
laboration between these companies and the CDS system developers in order to implement
these new technologies in their EHR systems. The advantage of this method is that the
EHR system can locally use different components of the CDS system without the need to
transfer patients’ data over cloud connections with a remote system. Also, using this ap-
proach allows ML models to be trained on local datasets in each EHR system, which can
enable the model to learn trends that are correlated to demographic factors [63]. However,
the process of developing software-specific CDS tools can be time-consuming and requires
many customized implementations of the CDS system to match the software requirements
and frameworks used by each EHR software company.

The second approach is presented in Figure 2.3. This approach suggests developing
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Figure 2.3: An integration paradigm for the proposed CDS system into current healthcare
systems using an Application Programming Interface (API).

a generic Application Programming Interface (API) that can facilitate communication be-
tween the CDS system and current EHR systems. The API can have a standardized protocol
that regulates receiving requests from any EHR software. The request includes the patient’s
medical information needed for the analysis, such as mammogram screenings and patho-
logical data, and the API passes it to the requested component of the CDS system (i.e.,
CAD, CAP or CATP). Then, after the CDS makes a patient-specific prediction, the API
returns a response to the EHR system, including the predicted decision, along with visual-
ized explanations. In this approach, the CDS system can either be hosted on the cloud or
locally in a private network of a healthcare organization. The local CDS system can ensure
patients’ privacy, whereas the cloud CDS systems can provide more generalized models that
employ datasets from different sources in training. One solution to eliminate this trade-off
is to incorporate Federated Learning techniques in CDS systems to allow distributed model
training where each client can keep their data private and only share model updates [64].
This is one of our future research directions to enable a private and efficient integration
of our CDS system into existing healthcare systems. Finally, although this paradigm can
potentially enable seamless integration with different EHR. systems, a collaboration with at
least one of the EHR software providers is still needed to develop and test the proposed

interface.
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Chapter 3

Multi-dilation Convolution For
Preserving Spatial Resolution in
Medical Image Segmentation:

Mammogram Use-Case

Medical image segmentation is a critical task in computer-aided diagnosis (CAD) systems
that helps identify regions of interest in medical images. In this type of problem, preserving
the input image resolution plays a crucial role in achieving good performance. The in-
troduction of the dilated convolution module contributed to maintaining resolution across
layers of a deep convolutional neural network by exponentially increasing the receptive field
with a linear increase of parameters. One pitfall of dilated convolution is losing local spatial
resolution by increasing the sparsity of the kernel in checkboard patterns. In this work, a
double-dilated convolution module is proposed in order to preserve local spatial resolution
in medical images while having a large receptive field in segmentation networks. The pro-
posed module is applied to the tumor segmentation task in breast cancer mammograms
as a proof-of-concept. In addition, the problem of pixel-level class imbalance problem in
mammogram screenings is tackled by comparing different loss functions (i.e., binary cross-
entropy, weighted cross-entropy, dice loss, and Tversky loss) to identify the best-performing
function for the mass segmentation task. Finally, we address the black-box nature of the
developed models by quantitatively evaluating our adopted Gradient weighted Class Acti-
vation Map (Grad-Cam) with other explainable models available for image segmentation.
Experimental analysis is performed to compare the performance of lesion segmentation net-
works on mammogram screenings from the INBreast dataset [59] before and after plugging
the proposed dilation module into one state-of-the-art deep convolutional neural network.

The obtained results show the effectiveness of the proposed module in terms of both the
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Dice similarity and the Miss Detection rate when applied to the mass segmentation problem.
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3.1 Introduction

With the emergence and growing popularity of Convolutional Neural Networks (CNNs) in
recent years, researchers have increasingly invested in the development of Computer-Aided
Diagnosis (CAD) systems. Using CAD systems, radiologists can integrate their knowledge
with computer output to make more accurate and timely diagnoses. These systems are
typically used in conjunction with medical imaging modalities like X-rays, CT scans, and
MRI scans [5]. Medical image segmentation is a crucial task performed in most CAD
systems where a medical image is partitioned into multiple regions or segments, each of
which corresponds to a specific anatomical or pathological structure. For example, in cancer
CAD systems, tumor segmentation is a specific application of medical image segmentation
that involves identifying and delineating the boundaries of a tumor within medical images.
This can help to quantify various characteristics of a tumor, such as its size, shape, and
volume. This information can be used to make the correct diagnosis, track changes in the
tumor over time and evaluate the effectiveness of treatment.

Although its unquestionable impact on enhancing healthcare systems, medical image
segmentation is still considered one of the most challenging tasks in computerized health
analytics [33]. Some of the associated challenges are related to the task itself, as medical
images often depict complex anatomical structures that can vary significantly between in-
dividuals. The segmentation task is more difficult when the boundaries between different
tissues or organs are not clearly defined or when the appearance of the tissue changes due
to factors such as inflammation or disease. Other challenges are related to the learning
dynamics and lack of explainability of the Deep Learning (DL) models that are commonly
used to perform this task. Similar to other CAD systems, a typical medical image segmen-
tation framework consists of three participants that usually integrate to produce the final
diagnostic output: a model learns from imaging data to guide human healthcare providers.
In this work, we address three existing challenges in DL-based medical image segmentation
systems that either exist in the underlying architecture of DL models or arise due to the
integration of these models with data or human components of the system, as sketched in
Figure 3.1. Specifically, these challenges are the resolution loss in CNN, the pixel-level class

imbalance in medical image segmentation and the lack of explainability of DL models.

3.1.1 Resolution Loss in CNN

Image classification and semantic segmentation are two examples that show the promising
performance of CNN-based architectures. Image classification aims to perform a sample-
wise classification, while segmentation performs a pixel-wise classification to identify regions
of interest. However, architectures originally designed to solve the first task are usually

repurposed to solve the latter.
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Figure 3.1: Challenges in medical image segmentation addressed in this paper.

Image classification networks use a sequence of pooling layers to increase the receptive
field throughout the network and aggregate contextual information [65]. Adopting this ap-
proach in semantic segmentation networks [66,67] came with the cost of losing resolution
since the pyramid-shaped architecture ends with a global prediction in classification prob-
lems while semantic segmentation networks do not. Therefore, they use up-sampling layers
to reconstruct pre-pooling resolutions. However, the authors in [34] raised the question of
the suitability of pyramid-shaped architectures in dense prediction problems such as image
segmentation. They argued that successive pooling layers that reduce input resolution in
classification networks could harm the performance of image segmentation. This is because
the nature of dense prediction problems calls for multi-scale contextual reasoning combined
with full-resolution output, which is not maintained in a typical CNN architecture. Hence,
they emphasized the need for dedicated models designed specifically to perform this type
of task.

Atrous (or dilated) convolution, originally developed for the efficient computation of
wavelet transform [68], was re-introduced as the dilated convolution module in [34] to
be used in dense prediction models to partially solve this fading resolution problem by
introducing an exponentially growing kernel’s receptive field which reduced the need for
pooling layers. However, for the dilated convolution to achieve this, sparsity in the kernel
grows exponentially as well, which greatly harms local spatial resolution [69].

The complex nature of medical images calls for the need to maintain local spatial res-
olution in images while performing medical image segmentation. This work addresses this
problem by proposing a modification to the existing dilated convolution module to have
more control over the resolution of the kernel while still exponentially growing the receptive

field. The proposed dilated convolution module has a multi-scale dilation parameter to



25

control inner and outer kernels. Figure 3.2 shows examples of different shapes of kernels
performing dilated convolution, including the double-resolution dilation that can only be
achieved using our proposed module. This example indicates the capability of our module
to perceive novel and complex kernel shapes that give more control to enlarge the recep-
tive field while eliminating the ”gridding” problem [69], which occurs due to the increased

sparsity of the kernels with large dilation factors.

3.1.2 Pixel-Level Class Imbalance

Pixel-level class imbalance is another common challenge in medical image segmentation,
where the number of pixels belonging to different classes of interest (e.g., tumor and non-
tumor) is highly imbalanced. For example, in the mass segmentation task, the number of
pixels labeled as "mass” in an organ-specific screening is usually significantly lower than
the number of pixels labeled as "normal”. This large difference in size of classes to be
segmented can negatively affect the Deep Learning model performance when it is integrated
with medical imaging data [33].

The most popular solution for this issue is sample re-weighting, where a higher weight
is given to pixels from the minority class during training [33]. This can be controlled by
the choice of the objective function used to calculate the loss during training. Many loss
functions have been previously proposed and incorporated into deep learning models for
this purpose [70-72]. However, it remains unclear which one achieves the best performance
with the image segmentation of highly imbalanced medical images. Therefore, in this study,
we perform an experimental comparison between the most popular loss functions used in
the literature for medical image segmentation to identify the best-performing one for this
task.

3.1.3 Lack of Explainability

In medical applications, the explainability of DL models is crucial, as radiologists and
medical professionals need to be able to understand the reasoning behind the model’s pre-
dictions and decisions. With medical image segmentation, although the model does not
provide ready-made diagnoses as the case with classification tasks, it is still crucial to pro-
vide transparency and a human-like explainability of the model performance to promote
why and how it provides these annotations. In other words, if physicians do not understand
why the system arrived at a particular output, they may be less likely to trust the system
and may only rely on their own judgment. Therefore, the lack of explainability is considered
one of the main obstacles that hinder CAD adoption in clinical practice [10].

Recently, researchers have been working on developing techniques to improve the ex-

plainability of deep learning models in medical applications. Many of these models have
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Figure 3.2: Our proposed dilation supports receptive field exponential expansion while
retaining full resolution at the core of the kernel using multi-dilated convolution. (a) shows
a 1-dilated 3x3 kernel. (b) shows a 2-dilated 3x3 kernel. (c) shows a combination of a
1-dilated 3x3 inner kernel and a 2-dilated 3x3 outer kernel. Both (a) and (b) kernels can
be realized by traditional dilated convolution methods, whereas only our proposed method
can realize the shape in (c).

been successfully adopted in disease classification networks, to justify the label predicted
by black-box DL models [39]. However, very little attention has been given to improving
the explainability of segmentation networks [73,74] although they also suffer from black-
box architectures. Moreover, post-model explanatory analysis can help computer science
researchers uncover if the model is learning relevant features or if it is overfitting to the
training images by learning spurious features. This allows us to adjust the model archi-
tecture and hyperparameters to achieve more robust performance that can be applied to
real-life data [39]. Therefore, in this work, we address the segmentation explainability
problem by quantitatively evaluating the performance of explainable techniques applied to
medical image segmentation. We adopt explainable AI models in our proposed segmenta-
tion network to provide transparent systems that can be trusted and integrated into medical

practice.

3.1.4 Mammogram Segmentation Use-Case

As for our use-case, the mammogram tumor segmentation problem is selected in this study.
Breast cancer is the most commonly diagnosed cancer among female patients in the world
and the second leading cancer-related cause of death [55]. For this reason, early detection
and diagnosis of breast cancer is essential to decrease its associated mortality rate. The
integration of Artificial Intelligence (AI) methods in Al systems plays a critical role in di-

minishing mammogram reading time for radiologists and improving their accuracy [75]. In
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this study, we employ the publicly-available INBreast dataset [59] for mammogram screen-
ings to evaluate the effectiveness of the proposed model in medical image segmentation.
We aim to develop an explainable and efficient tumor segmentation model by 1) proposing
a novel dilated convolution module to maintain the local spatial density of the input, 2)
addressing the class-imbalance problem by employing the best-performing loss function for

this task, and 3) adopting explainable AT models in image segmentation networks.

3.2 Related Work

In this section, we review some of the previous related work done in the area of medical
image segmentation, including the different techniques used for class balancing and model
explainability. Then, we summarize the recent progress of the dilated convolution and our

proposed modification to this module.

3.2.1 Medical Image Segmentation

The process of identifying and partitioning the regions of interest (ROI) in medical images
is significant in the diagnosis process. Therefore, many CAD solutions have been proposed
in the literature for this task. Traditional algorithms included rule-based methods such
as thresholding, boundary-based segmentation, region-based segmentation, and template
matching, as reviewed in [76]. Deep learning-based techniques, especially the Fully Convo-
lutional Neural Networks (FCNN) [77], have shown significant improvement in the image
semantic segmentation task, compared to classical methods that require hand-crafted fea-
ture extraction [78-80]. This has made it possible to build large-scale trainable models
that have the capacity to learn the optimal features which are required for segmentation.

In medical image processing, the anatomy of interest typically takes up a relatively small
fraction of the overall image. Although these small anomalies are usually more significant,
when a network is trained using such data, it frequently becomes biased toward the back-
ground as the model assigns the majority class label to all pixels to optimize the objective
function [36]. To address this issue, some proposed using an optimized batching technique
that includes a balanced number of pixels from the majority and minority classes in the
training process [37]. The pitfall of this approach is losing geometrical information, which
can be crucial in medical image segmentation. Another method employed sampled loss
training where the loss is only calculated for some random pixels instead of the entire im-
age [38]. The randomness of candidate selection for loss evaluation is the main disadvantage
of this method, which limited its usage in existing image segmentation models [36].

On the other hand, sample re-weighting is known to be one of the most commonly-used
remedies for class imbalance [81]. The idea is to give lesion pixels a higher weight when

calculating the training loss. Authors in [82,83] trained their models using the weighted
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version of the cross-entropy loss function, which is largely used with classification tasks.
Other works proposed using Region-based Loss functions such as the Dice loss [84] and
the Tversky loss [72] in order to tackle the pixel-level class imbalance problem. However,
it remains unclear whether or not there is a loss function that globally achieves the best
performance in medical image segmentation tasks. Therefore, in order to overcome the
pixel-level class imbalance in the mammogram images, we compare different loss functions,
namely Binary Cross-Entropy, Weighted Cross-Entropy, Dice Loss, and Tversky Loss to
identify the best-performing one for the mammogram tumor segmentation problem.

As for the explainability aspect, many explainable AI (XAI) models were proposed in
the literature to overcome the black-box nature of deep neural networks. Many of these
models, such as Local Interpretable Model Agnostic Explanations (LIME) [85], Deep Tay-
lor Decomposition (DTD) [86] and Layer-wise Relevance Propagation (LRP) [87], were
widely adopted in medical image classification tasks [26,39,88]. However, many of these
methods implementations require a global classification layer at the end of the CNN net-
work, which limits their applicability with pixel-level classification tasks such as medical
image segmentation.

Although the vast majority of explainability work is focused on explaining CNN-based
classification networks, we found few works that incorporated this important aspect in
developing semantic segmentation networks. In [73], they employed the SHAP method to
provide comprehensible explanations for oil slick segmentation models using coloured maps
highlighting the input image areas that contributed to the model decision for a selected pixel
or region. To provide explainable semantic segmentation for autonomous driving systems,
the authors in [74] used the second-order derivative of neurons activations at the last
encoding layer of their segmentation network to provide attention maps that visually explain
the underlying network. In the area of medical image segmentation, we only found one
work that provided explanations for segmenting tumors in liver CT images using activation
maximization-based method [89]. To the best of our knowledge, our work is the first
to address the explainability problem in mammogram tumor segmentation. We provide
a qualitative assessment of the effectiveness of the adopted XAl techniques by evaluating

their entropy, and the pixel-flipping graph similar to the work done in [88].

3.2.2 Dilated Convolution

Inspired by biological studies, a typical CNN adopts the pyramid-shaped structure where
pooling layers succeed convlolutional layers to downsample the feature maps resulting from
each convolution process. This has shown to be an efficient structure for processing digital
images in many high-level computer vision applications such as face, object and digit recog-
nition. However, applying the standard CNN architecture to the segmentation problems

has inevitably resulted in a significant resolution reduction of the input image which can
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affect segmentation performance, especially in medical applications [90].

Previous approaches addressed this problem by stacking a deconvolution network com-
posed of deconvolution and up-pooling layers to reconstruct image resolution either from
the encoded representation alone [91], or with combined respective scales in the convolution
network [66]. Another approach creates multiple scaled versions of the input image, trains
the network to predict the output for each, and uses attention to combine all outputs into
one refined prediction [92]. However, it has been shown that the excessive adoption of
these downsampling layers can be uncalled for in segmentation tasks in the first place [34].
Unlike high-level vision tasks where invariance of CNNs to local image transformations is
advantageous, this invariance can hinder low-level tasks like semantic segmentation that
require precise localization of spatial details along with a certain level of abstraction [93].
This motivated the introduction of dilated convolution [34].

In 2015, the dilated convolution module [34] proposed the use of a sparse kernel that
grows exponentially to cover a bigger receptive field, reducing the need for pooling and
downsampling layers. This was extrnsively used in several semantic segmentation models
[69,94]. However, the traditional dilated convolution framework has a fundamental issue
referred to as ”grinding” in [69]. Zeros are padded in a convolutional kernel at a fixed
dilation rate, resulting in a receptive field that only covers an area with a checkerboard
pattern. Consequently, only non-zero value locations are sampled, and neighboring infor-
mation is lost. This problem becomes more severe as the dilation rate increases in higher
layers where the convolutional kernel becomes too sparse to cover any local information
because the non-zero weights are too far apart.

Some attempts were made to address the gridding problem. Authors in [69] proposed
a hybrid dilation convolution where they stacked the standard dilated convolutions with
different rates in a serial way. A similar technique was also adopted in many of the Deeplab
family members, including Deeplabv2 [95], Deeplabv3 [1], Deeplabv3+ [96], and their
variants achieving state-of-the-art results for the PASCAL VOC benchmark [97]. Although
this approach achieved a better performance than traditional dilated convolution, it still
limits the perceivable kernel shapes by only allowing checkboard patterns in dilated kernels.
Recently, semi-dilated convolution [98] proposed a modified version of dilated convolution
to better exploit the geometry of rectangular image (e.g. spectrograms and scalograms) by
supporting exponential growth of the receptive field in only one dimension of the image.

In this work, we follow previous attempts and propose a modification to the dilated
convolution to separate the dilation factor on the core of the kernel from the dilation factor
on its edges while performing medical image segmentation tasks. Our contribution can be
summarized as follows: (1) We introduce a simple implementation for a ”double-dilated”
convolution kernel that can assume more complex kernel shapes than previous dilated con-

volution approaches in order to have exploit local information in medical images. (2) We
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integrate this new module in one state-of-art segmentation network with the appropriate
modifications and evaluate its performance on the INBreast dataset [59] relative to using

the traditional dilated convolution module.

3.3 Data Preparation

Among the available mammogram datasets, we select the INBreast dataset [59] for our
analysis. There are many reasons for this. Unlike other public datasets that use digitized
film-screen mammograms, the INBreast is the only publicly-available Full-field Digital Mam-
mogram (FFDM) dataset. This enables it to have high-resolution images that are free from
any inconsistency that may arise in the digitization process. In addition, this dataset pro-
vides radiologist-drawn pixel-level contours surrounding lesions, instead of providing only
circles around ROIs as followed by most of the databases. This can be crucial in diagnosis
since shape information is highly indicative of the malignancy of a mass [99]. The IN-
Breast also provides images from both the craniocaudal (CC) view and the mediolateral
oblique (MLO) view, which enables the development of generic CAD systems that are able
to extract information from either view.

The database has 410 images in total, including both the CC and the MLO views,
acquired between April 2008 and July 2010 using the MammoNovation Siemens FFDM
aquisition equiment. The image size is either 3328 x 4084 or 2560 x 3328 pixels, depending
on the compression plate used in the acquisition. Images contain different types of findings:
normal, calcification, masses, asymmetries, multiple finding, and architectural distortions.
In this study, we focus on the segmentation of masses, which are three-dimensional struc-
tures demonstrating convex outward borders, as defined by the Breast Imaging Reporting
and Data System (BI-RADS). The number of images that included one or more mass lesions
was 107 images.

As explained by the dataset documentation, the mammogram images were saved in the
DICOM (Digital Imaging and Communications in Medicine) format whereas the annota-
tions for all images were saved in the XML format. Each XML file includes the annotation
information for all ROIs that are present in one image, with a list of contour points for each
ROI using different tag names (e.g, Mass, Calcification, ..). Using Matlab, we prepared a
script that reads an XML file, extracts annotation information of masses, and draws con-
tours using Matlab’s stroke() and imfill () functions. Then we save mask images in the PNG
format as well as the original images format for visualization purposes. An example of the
generated mask image and the corresponding DICOM image are shown in Figure 3.3. We
load both the raw image files and the mask image files using Matlab’s ImageDatastore and
PixelLabelDatastore classes, respectively and resize all images to have a fixed-size input of

512x512 pixels. We use the 5-fold validation split to train and validate the models in all
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our experiments.

Figure 3.3: A mammogram example from the INBreast dataset showing the craniocaudal
(CC) view of a left breast image and the corresponding generated mask of existing masses.
(a) shows the original image provided in DICOM format. (b) shows the mask generated by
extracting masses annotation from the associated XML file using our Matlab script.

3.4 Proposed Method

In this section, we describe our proposed methods to perform tumor segmentation for the
considered breast cancer use-case. First, we explain our proposed double-dilated convolution
module and point out the differences with previous dilation modules. Then, we identify the
methods considered for pixel-level class balancing. Finally, we present the experimental

methodology followed and shed light on the explainability methods adopted in this work.

3.4.1 double-dilated convolution

In this subsection, we explain our proposed modification to the dilated convolution module
introduced in [34] in order to improve local spatial resolution. The standard convolution
operation is defined as:
yli) = > afi+ klw[k] (3.1)
k
where y is the output feature map, z is the input feature map, and w is the kernel.

Dilated convolution generalizes the standard convolution operation to:

ylil = > afi+ Lkwlk] (3.2)

k

where [ is a dilation factor. Note that the kernel did not change to reflect the sparsity
introduced by dilation. However, the operation itself now considers the dilation parameter
by skipping a range in the input defined by the dilated factor.

Our modified dilated convolution can be expressed by the following piece-wise function:

Sopali+liklwlk] k<
dopxli + b2 klwk] k>

yli) = (3.3)

While dilated convolution uses [ to define the dilation factor and r to define the size of the
receptive field as (21 + 1)2, our modified dilated convolution operation, called double dilated

convolution or double atrous convolution uses r1 and ro to define the sizes of two receptive
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fields using two kernels: the inner (core) kernel has a size of (2/; + 1)? and a dilation factor
of I1, and the outer (edge) kernel has a size of (2l + 1)? and uses a dilation factor of I .
double atrous is the only variant of convolution operations that can build a kernel with
different dilation factors for different locations of the kernel. The motivation for this modifi-
cation is to solve the inherent problem of gridding [69] in conventional dilation: Due to the
sparsity of weights, dilated kernel’s receptive field is only covering an area with checkboard
patterns, especially when using high dilation factors. In standard (1-dilated) convolution,
the size of the receptive field is equal to its effective coverage (non-zero weights). However,
as the dilation rate increases, these two concepts are no longer equal and the receptive field
will exponentially increase at the cost of lower (weaker) effective coverage due to the intro-
duced sparsity. This trade off is reasonable at the edge of the kernel since the benefit of
covering larger area and constraining the number of parameters can overweight the loss of
some neighboring information. However, losing local information at the core of the kernel
due to using the same dilation rate as in edges is not justified because it limits feature

extraction ability of the network and can be avoided by having a denser kernel core.

3.4.2 Pixel-Level Class Balancing

In all deep learning models, the goal is to minimize the loss function, which measures the
difference between the predicted output and the actual output of a neural network. Loss
functions can be broadly classified into two categories: distribution-based loss functions and
region-based loss functions. While distribution-based loss functions measure the difference
between the predicted and actual output probability distributions across the entire input
space, region-based loss functions aim to measure the difference between the predicted and
actual outputs for a specific region of the input space [100].

In problems with severe pixel-level class imbalance such as ours, using a standard loss
function like binary cross-entropy can result in poor performance, as the model tends to
be biased towards the majority class. This can lead to high accuracy for the majority
class (normal) but poor performance for the minority class (tumor), which is the class of
interest in our case. Since the choice of the loss function greatly depends on the task being
addressed and the nature of the data being used, we experiment with both region-based
and distribution-based loss functions in order to identify the appropriate loss function for
training our model.

To determine which loss function handles the pixel-level class imbalance problem existing
in our data, we surveyed the literature for the loss functions used for the segmentation task,
and we selected the four most widely-used ones: binary cross-entropy loss, weighted cross-
entropy loss, dice loss, and Tversky loss. As categorized by the survey done in [100], the
first two are considered distribution-based functions, whereas the latter two are region-based

functions. These functions were also shown to perform well with the skull segmentation



33

task performed in [100]. The definitions and equations used to calculate the loss functions
employed in our study are briefly illustrated below. As for the notation used in this section,
all the sums run over N pixels which represents the number of pixels in the batch. The
predicted probability of a pixel being classified as a lesion is denoted as p;, whereas the
ground truth value for a pixel is denoted as g;. We consider g; as 1 for pixels that are

labeled as part of a lesion and 0 otherwise.

3.4.2.1 Binary Cross-Entropy

Binary Cross-entropy (BCE) [101] measures the difference between two probability distri-
butions for a given random variable and it is frequently used for classification objectives
with binary labels. Since image segmentation is performing classification on a pixel level,
BCE is widely used for segmentation tasks as well [100,102]. Although BCE does not con-
sider sample reweighting, we include it in our comparison to act as a baseline performance,
especially that it is still extensively use in training DL models. The equation for the Binary

Cross-Entropy loss function is defined as:

N

Locr = =~ Y (alog(po) + (1 = gi)log(1 — pi) (34)

n=1

3.4.2.2 'Weighted Cross-Entropy

Weighted cross entropy (WCE) is a variant of the binary cross-entropy loss, in which the
positive examples get weighted by some coefficient to compensate for the unbalanced ratio

of the training data [70]. It can be defined by the following equation:

N
1
Lwee =~ Z(ﬁ * gilog(pi) + (1 — gi)log(1 — p;)) (3.5)
n=1
, where (8 is a hyper-parameter that can be adjusted to give more weight to the positive

examples by assigning it to values larger than 1.

3.4.2.3 Dice Loss

Based on the Dice coefficient, a popular metric for measuring similarity between two im-
ages, the Dice Loss has been proposed in [71] specifically for segmentation tasks. The Dice
coefficient is also equivalent to the F'1 score, which measures the harmonic average of pre-
cision and recall to evaluate the performance of binary classifiers. For binary segmentation

problems, the function is defined as:
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N
LDice = i Z 1- gpigfiQ (36)
N D; + 9;

n=i

3.4.2.4 Tversky Loss

The Tversky loss (T) [72] can also be seen as a generalization of the Dice loss, where the
parameters a and S are added to control the weights of false positives and false negatives,

respectively. The function of Tversky loss is defined as:

N
1 Digi

Tversky = 77 Z pigi +api(1 —g;) + B(1 — pi)gi

n=t

(3.7)

When we set a+ 3 = 1, the Tversky index produces a set of F'3 scores, which can be used
to adjust the tradeoff between precision and recall [72]. When a = 8 = 0.5, the Tversky loss
simplifies to the Dice loss. In order to place more emphasis on minimizing false negatives,
we can vary the value of 3 in the range [0.5,1] to reach the optimal performance for the lesion
segmentation task. It has been shown in the literature that adjusting the parameters of the
loss functions used during the training step helps the network to generalize and perform
well in highly imbalanced data. Hence, we perform fine-tuning for the hyper-parameters

used in all functions considered in this study.

3.4.3 Experimental Methodology

In this section, we illustrate the systematic approach used to implement our proposed
methods and explain the steps followed in different experiments. All implementations were
done using Matlab R2022b.

3.4.3.1 Baseline Model

To choose the baseline model for our analysis, we first considered two state-of-the-art seg-
mentation architectures, namely U-Net [103] and DeepLabV3+ [96], similar to the work
done in [104] for brain tumor segmentation. While U-Net [103] uses a standard classi-
fication convolutional neural network as its architecture block, DeepLabV3+ [96] uses a
backbone of convolutional neural network followed by the Atrous Spatial Pyramid Pool-
ing (ASPP) module, where the dilated convolution is heavily used. Although its structure
was not expressly built for medical image segmentation, the DeepLabV3+ network with a
ResNet18 backbone achieved the best performance for our dataset, when compared to the
U-Net network in a pilot experiment. Hence, DeepLabV3+ with the default cross-entropy

loss function was used as the baseline model for our experiments.
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The DeepLabV3+ network adopts the encoder-decoder structure which is justified in
their paper as a method to exploit multi-scale features from the encoder part and recovers
the spatial resolution from the decoder part [96]. Since our proposed dilation module is
applied to the convolution layers in the encoder components, in figure 3.4, we show the
encoder path of the original Deeplabv3+ network when considering an output stride of 8
(the ratio of input image spatial resolution to final output) and the ResNet network as the
backbone model. As illustrated in their work [1], atrous convolution with various rates is
inherited in both cascaded modules and spatial pyramid pooling to enlarge the receptive
field and incorporate multi-scale context without excessively sacrificing the image resolution.
This enables the network to generate output maps with a resolution down-sampled only by

a rate of 8 instead of 256, as the case in a typical pyramid-shaped convolution network.
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Figure 3.4: The original Deeplabv3+ encoder architecture used in our study. Dilated Con-
volution is inherited with different rates in the last 2 blocks of the ResNet backbone network
and the parallel modules in the Atrous Spatial Pyramid Pooling (ASPP) module. The out-
put of the ASPP is augmented with image-level features to produce the output feature
maps. The figure is modified from [1] to show the dilation rates used with output stride=8.

3.4.3.2 Double-Dilated Convolution

There are many ways to implement the proposed double-dilated convolution. Methods can
vary in memory footprint, speed, and ease of development. In this work, we provide a
simple implementation of the proposed double-dilated kernel in a way that makes use of the
available most efficient convolutions modules adopted by many deep-learning frameworks.
As shown in Figure 3.5, the idea of applying a single kernel with two different dilation rates
on a given input can be viewed as applying two different kernels, each with its own dilation
rate, on the same input and then summing up the results of both convolution processes.
This approach was inspired by the distributive property of the convolution process, which

states that for any three discrete functions hi[n], he[n] and z[n], we can say that:
x*hy+x*xhy =x%(hy + h2) (3.8)

The pitfall of this method is that it doubles the number of single-dilated convolution
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Figure 3.5: A simple implementation to achieve a double-dilated convolution with 1 and
2 dilatation rates using two parallel convolution branches: one with an inner dense kernel
(rate=1), and the other for the sparse outer kernel (rate=2). The feature maps generated
by the two processes are summed to produce an output equivalent to applying the double-
dilated convolution.

layers in the network, which can affect the computational speed. However, this implemen-
tation does not require any additional modifications in the convolution process itself, which
makes it easy to adopt in any state-of-art architecture using the existing optimized convolu-
tion modules in deep learning frameworks. This can serve as a proof-of-concept to evaluate
the effectiveness of double-dilation in semantic segmentation tasks.

To measure the performance gain of the double dilation module, we plugged it into the
Deeplabv3+ model to compare it with the original network. First, we inherited the Deep
Learning Toolbox Model for Deeplab V3+ with Resnet18 as the backbone model and with
an output striding factor of 8 for denser feature maps. Then, we applied our modification by
replacing every dilated-convolution layer in the original network with two parallel dilated-
convolution layers at different rates: one was fixed at rate = 1 to represent the dense core,
and the other was kept the same as the dilation factor of the original layer, as showin in
Figure 3.6. We then created a two-input addition layer to perform an element-wise addition
on the two feature maps generated by the parallel convolution layers to generate the output
of the double-dilated convolutions. This is done in the sequential blocks of the backbone
model as well as the ASPP module which we now call Double Atrous Spatial Pyramid
Pooling (DASPP) after applying our double-dilation technique.
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Figure 3.6: The modified Deeplabv3+ architecture after plugging the double-dilated con-
volution module. Each dilated convolution from the original network is replaced with 2
parallel convolutions: one undialtated convolution (ratel) and one dilated convolution with
the same rate used in the original layer (rate2).

The modified network was trained following a similar protocol as the original training
protocol mentioned in [1]. The training was done using an initial learning rate of le-2,
with a mini-batch size of 12 images and with a maximum epoch number of 30. The data

was shuffled after each epoch to increase the generalization capability of our model.

3.4.3.3 Pixel-Level Class Balancing

In this section, we explain the experimental approach followed in order to compare the
different loss functions considered in this study. For each loss function, we created a different
version of our model where the pixel-level classification layer at the end of the network is
employing the corresponding loss function. If the function has hyper-parameters (e.g, class
weights), the model is first fine-tuned using the 5-fold validation method to select the best

combination of parameters for this loss function.

Table 3.1: Parameters used in different loss functions to address the pixel-level class imbal-
ance problem. Classl is the non-lesion class while class2 represents a mass lesion. Alpha
and beta are used in Tversky loss to control the weights of false positives and false negatives,
respectively.

Weighted Cross-Entropy Tversky
Parameters | [class]_weight, class2 weight)] [alpha, beta]
Range [1, 10], [1,20].. [1,100] 0.1, 0.9], [0.2,0.8], .. [0.5,0.5]

The hyper-parameters of different loss functions and their sets of values considered in
this study are shown in Table 3.1. First, for the binary cross-entropy (CE) loss function, we
used the default classification layer provided in the original Deeplabv3+ network without
any modifications. In order to select the parameters range for the weighted cross-entropy

(WCE), we first calculated the ratio between the number of pixels of the non-lesion class
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(class 1) to the number of pixels classified as masses (class 2) in our training set. We found
that the non-lesion pixels were around 70 times more frequent than the mass pixels. Hence,
we varied the weights of the minority class from 10 to 100 with an incremental step of 10
by modifying the ClassWeights parameter in the original classification layer of the model,
to evaluate different weighting ratios and select the best-performing one. As for both the
Dice and Tversky Losses, since the latter is the generalized version of the first, we defined
one custom pixel classification layer that implements the Tversky index and computes the
loss based on it. This layer has two parameters: alpha and beta, which are both set to 0.5
when the Dice loss is used. On the other hand, to tune the parameters of the Tversky loss
in a way that assigns more weight to the minority class, we consider different combinations
of alpha and beta where the value of beta is in the range [0.5,1] and the value of alpha =
1-beta. We report the performance of all models using different loss functions on the 5-fold

validation set.

3.4.3.4 Explainable AI Methods

To provide explanations for the output of our segmentation network, we incorporated ex-
plainable AI methods into our developed models. First, we implemented a simple technique
to inspect our model by visualizing the activation of the last feature extraction layer in
the segmentaion network. Although its simplicity, this method, which we call Activation
Visualization in this paper, can help us discover which features the network learns by com-
paring areas of activation with the original image. We selected the last 6 channels of the
final deconvolution layer in Deeplab V3+ as they provided comprehensive visualization of
the decision-making step. Then, we employed two of the popular XAI methods, namely,
Gradient-weighted Class Activation Mapping (Grad-CAM) and Occlusion Sensitivity, which
both use visualization techniques to provide explanations to black-box architectures such
as our CNN-based segmentation network.

Grad-CAM [105] is a visualization technique that highlights the important regions in an
input image that contributed the most to the model decision by computing the gradients of
the output with respect to the feature maps of the last convolutional layer, and then weight-
ing the feature maps based on the strength of their gradients. This produces a heatmap that
shows which regions of the input image were most important for the model’s decision. On
the other hand, the Occlusion Sensitivity [106] involves systematically occluding different
parts of an input image and observing the impact on the output of a CNN. By measuring
the change in the model’s output as different parts of the input are removed, it highlights
which regions of the input image are most important for the model decision.

We adopt both techniques in our networks to produce heatmaps of the image regions
that participate in segmenting a mass in a mammogram screening. This is done in both the

original Deeplabv3+ network and the modified double-dilated network to analyze explana-
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Algorithm 1 Pixel Flipping Similarity Scores

1: input: Input image: img, Ground truth image: gt, Explanation map: map, Segmen-
tation Network: net

2: output: Similarity scores list for different percentages of pixel flipping: scores
3: procedure PIXELFLIP(img, gt, map, net)

4: IMGsegmented < net(img)

5: sCorenitial = similarityScore(imgsegmented, gt)
6: scores = ||

7 1dx sorteq < Get indices of sorted elements in map
8: 1dTstart < 1

9: for i in 1:10 do

10: idTeng < 1dTsare + 1/100 % size(img)

11: img(idx sorted(1dT start : 1dTeng)) < radndom|()
12: iMGsegmented < net(img)

13: scores(i) < similarityScore(imgsegmented, 9t)
14: end for

15: SCOT€Snormalized = SCOTES[SCOT€initial

16: return scores,ormalized

17: end procedure

tions for the segmentation made in both cases. We then provide quantitative evaluation of
these models along with the activation visualization method by measuring the image entropy
and plotting the pixel flipping graph similar to previous works [88,107,108]. While the
entropy evaluates the complexity of the explainable method by measuring the randomness
(uncertainty) in the generated explanation map, pixel flipping curves determine whether the
removal of the features highlighted by the explanation as being the most relevant, results
in a significant reduction in the prediction capabilities of the network. We use the Matlab’s
built-in function entropy to calculate the image entropy values for different explanation
maps generated for all images in the validation set then we average these values to have
a single numeric metric of complexity. To plot the pixel-flipping graphs of different XAI
methods for the segmentation task, we implemented the algorithm explained in Algorithm
1 to calculate the similarity scores achieved at different percentages of pixel flipping. The
pixel-flipping process involves an iterative removal of input features, starting from the most
relevant and moving towards the least relevant until 10% of the image pixels are flipped,
while tracking the changes in the segmentation network output. The resulting decay in the
similarity scores are then plotted as a curve, with a faster decrease indicating a more reliable
explanation method that aligns with the decision of the neural network. These curves are
computed and averaged over the entire validation set to obtain a comprehensive evaluation

of the faithfulness of the explanation algorithm being studied.
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3.5 Performance Evaluation

In this section, we start by explaining the metrics we utilized in this study to evaluate our
models. Then, we report the results of different experiments and discuss the implications

of the those results.

3.5.1 Segmentation Evaluation Metrics

In order to provide a comprehensive analysis, we measured the performance of the tumor
segmentation task on two levels: pixel-level and lesion-level. While the first provides a
measurement of how well the model predicts each pixel of the image, the latter provides

high-level metrics to indicates how well the model predicts a lesion in the image.

3.5.1.1 Pixel-Level Evaluation

As previously established in semantic segmentation tasks, the pixel-level similarity between
the segmented image and the reference image determines the quality of the segmentation
model [109]. The two widely-used similarity indicators in validating medical volume seg-
mentation are Dice similarity [110] and Jaccard similarity [111]. While the first calculates
the ratio of matches to mismatches, the latter computes the ratio of matches to the overall
membership. We measured both similarity scores for each class separately to have a better
understanding of the model performance for detecting the lesion class as well as the non-
lesion class. However, as pointed out by [112], including both of the metrics as validation
metrics does not provide additional information since they both measure the same aspects
and provide the same system ranking. Therefore, in this work, we chose the Dice similar-
ity as our main pixel-level evaluation metric since it is the most used metric in validating
medical volume segmentations, and it is equivalent to the F1 score in binary segmentation
problems [112].

In addition to the similarity metric, we reported the validation accuracy as a standard
metric for CAD analysis, which measures the ratio of correctly classified pixels to the
total pixels in the input image. This can be used to compare results with similar studies
performing mass segmentation on the INBreast dataset. However, the accuracy can suggest

overestimated results since our dataset is significantly skewed towards the non-lesion class.

3.5.1.2 Lesion-Level Evaluation

Considering that the task at hand is a tumor segmentation task, we found that measuring
metrics at the level of mass lesions provided highly intuitive indicators of the prediction
quality. As suggested by the authors who provided the INBreast dataset, there are two

metrics recommended to evaluate segmentation models developed for this type of imaging
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data: the miss detection rate and the false-positive rate [59]. The miss detection rate is the
percentage of reference masses that were not detected by the algorithm, whereas the false
positive rate is the percentage of automatically detected masses that do not correspond to
actual masses. Both metrics provide eye-level indicators of the model performance, which
can be easily interpreted by humans (e.g., radiologists).

To calculate the two lesion-level metrics, we first determine whether a detected mass is
correctly classified or not. This is done by measuring the overlap between the detected mass
and the manually-annotated mass, and the detection was considered correct if the overlap
(i.e., intersection over union) between the detected and true lesions is > 0.5. Then, the
number of miss-detected lesions was calculated as the number of undetected reference masses
and the number of false positive lesions was calculated as the number of automatically
detected masses minus correctly classified masses. To normalize both values, we divide them
by the number of actual masses present in the validation set, resulting in the lesion-level
rates of miss-detection and false positivity, respectively. This approach has been frequently

used in CAD research for evaluating object detection algorithms in medical imaging [59].

3.5.2 Results and Discussion

In this section, we evaluate the performance of our proposed methods for tumor segmenta-
tion in mammogram screenings. First, we present the results of the experiments conducted
to tackle the pixel-level class imbalance using the baseline model. Then we show and discuss
the performance of the proposed dilation module for convolution. Finally, we display the
generated explanation heatmaps for selected mammogram segmentation results and discuss
the performance of the adopted XAI methods. All results are reported as the average of

the 5 validation sets generated using the standard k-fold validation method.

3.5.2.1 Pixel-Level Class Balancing

First, we show how the performance of the baseline model changes when varying the hyper-
parameters used in loss functions. Since the WCE and T loss functions are the ones that
include parameter tuning, we show the 5-fold validation sensitivity plotted against different
parameters of both functions in Figure 3.7. As shown in Figure 3.7(a), it can be noticed
that increasing the weight of the minority (lesion) class does not always improve the per-
formance. In our case, the model hit the best similarity at class weights = [1,20] for the
non-lesion and lesion classes. This emphasizes the necessity to fine-tune the class weights
when considering the employment of the WCE loss in order to select the best-performing
hyper-parameters for the problem at hand. Similarly, ranging the beta parameter in the
Tversky loss formula to inherently add more weight to the less-frequent class while training

our model resulted in a fluctuating validation similarity as in Figure 3.7(b). This also indi-
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Figure 3.7: Plot of the 5-fold validation sensitivity against the loss function hyper-
parameters. (a) shows how the performance of the WCE loss-based model changes when
varying the minority class (lesion) wight from 10 to 100. (b) shows the performance of the
Tversky loss-based network when tuning the Beta parameter in the range [0.1,0.5].

cates that increasing beta does not guarantee better performance in highly skewed datasets,
which suggests the need to perform parameter searching when using the Tversky loss. Given
our task and our data, the baseline network configured with Tversky loss achieved the best

sensitivity coefficient when alpha and beta were set to 0.2 and 0.8, respectively.

Table 3.2: Results of 5-fold validation of the baseline model using different loss functions
with tuned parameters to address the pixel-level class imbalance problem. The consid-
ered loss functions are Cross-Entropy (CE), Weighted Cross-Entropy (WCE), Dice (D) and
Tversky (T). Both lesion-level and pixel-level evaluation metrics are reported.

CE | WCE | Dice | Tversky
1, 20] [0.2, 0.8]
Miss Detection Rate | 0.17 | 0.08 | 0.33 0.08
False Positive Rate | 0.29 | 0.29 0.23 0.20
Similarity 0.74 | 0.79 | 0.75 0.78
Accuracy 0.98 | 0.99 | 0.99 0.99

Then, we examine the results obtained by the original Deeplabv3+ model when trained
using all different loss functions with the tuned parameters, which are shown in table 3.2.
The results are averaged over all validation folds. Although the standard CE loss resulted
in a similar False Positive Rate as the WCE loss, the latter managed to significantly reduce
the number of miss-detected masses and enhance the overall similarity coefficient. On the
other hand, the Dice loss function managed to slightly reduce the number of unmatched
detected lesions, compared to the Entropy losses, at the expense of missing a significantly

larger number of actual lesions. We can see that both the Weighted Cross Entropy loss
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and the Tversky loss achieved almost the same results in terms of the pixel-level similarity
coefficient and the miss detection rate. However, adopting the Tversky loss function resulted
in a 9%l less False Positive Rate than the WCE loss. Hence, we employ the Tversky loss

as the network’s loss function in the following experiment.

3.5.2.2 Double-dilated Convolution

In Table 3.3, we compare the results of the original Deeplabv3+ model with the modified
double-dilated model. We can see that introducing the modified convolution module with
double dilation rates preoved to be effective in enabling the network achieve better perfor-
mance in terms of both the Dice similarity and the Miss Detection rate. This improvement
can be attributed to the increase of the resolution of the inner kernels by the double-dilated
module to encode multi-scale context information existing in the input image. By reducing
the number of miss-detected masses, early diagnosis can be facilitated and death rates can
be lowered. Figure 3.8 shows a snapshot of the radiologist-annotated mammogram images
along with their corresponding automatically-segmented images detected by the modified

model for a validation set of 22 mammograms.

Table 3.3: Results of the 5-fold validation of the original Deeplabv3+ model and the modified
model with the double-dilated module. Both lesion-level and pixel-level evaluation metrics
are reported.

Deeplabv3+ | Double-Dilated Deeplabv3+
Miss Detection Rate 0.08 0.04
False Positive Rate 0.20 0.20
Similarity 0.79 0.81
Accuracy 0.99 0.99

Figure 3.8: A snapshot of segmentation results of 22 validation mammograms generated by
the proposed network after plugging the double-dilated convolution module. Images include
CC or MLO views from left or right breasts. The top images show the mass annotations
made by radiologists while the bottom images display the segmentation done by our CAD
model.

On the other hand, the proposed model still predicted a number of false (unmatched)
lesions at the same rate as the single-dilated network (20% of the actual number of tumors),

which was still quite high. This aligns with the remarks made by previous studies where
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CAD systems were reported to result in relatively high false positive rates [113-115]. It
was suggested by [116] that the superimposition of tissues in 2D digital mammography
contributed to this high rates of false positives, which encourages more integration of 3D
mammograms in CAD systems in the future.

To have a better look at where the modified model outperforms the original one in terms
of miss-detection rate, in Figure 3.9, we show four mammograms from one validation set
where we can analyze this behavior. It is noticeable that the masses that were not detected
by the original network in these screenings are relatively small in size. The double-dilated
network, on the other hand, was able to partially segment many of these small masses
due to preserving the local resolution of the input image throughout the CNN network by
employing a denser kernel at the core of the convoluion window. This trend was consistent in
different screenings using different validation sets. At the same time, some masses were too
small to be detected in both networks, such as the bottom lesion segmented by radiologists
in screening (c). We can also see that in screenings (a) and (d), this decrease in the number
of missed masses came at the cost of increasing the falsely detected ones. That means that
some other anatomical structures in the screenings were mistakenly classified as suspicious
lesions by the modified network. However, as reported in Table 3.3, the overall average
false positive rate was the same in both networks, which still gives the advantage to the

double-dilated network due to its lower miss-detection rate.

Ground
Truth

Original
Network

Modified
Network

() ) © (@)

Figure 3.9: Selected segmentation results for four validation mammograms generated by
both the original network and the modified one compared to the ground truth segmentation.

3.5.2.3 Explainablity via Visualization

Since it is difficult to visualize the results of applying different explanation models on all
images in the validation set, in Figure 3.10, we show selected examples of the heatmaps

generated for one mammogram screening using the three considered explanation techniques:
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Figure 3.10: Examples of segmented mammogram images generated by the modified net-
work shown along with explanations of the output segmentation. Different explanation
maps are shown using Activation Visualization, GradCAM, and Occulsion Sensitivity.

Segmented Image

Activation Visualization, Grad-CAM and Occlusion Sensitivity. However, similar remarks
were made when visualizing other segmented mammogram explanation results. First, by
simply visualizing the activation maps from six channels at the last feature extraction layer,
we are able to see how the network arrived at a final segmentation decision that aligns with
the extracted features. This, although might not be a very compelling explanation for
radiologists, can assure us as researchers that the network is not overfitting to irrelevant
attributes of the image while classifying a certain region as a mass. Comparing the visual
results of the two adopted XAI methods, we observe that Occlusion Sensitivity tends to
generate explanation maps that are more heated than the corresponding heatmap generated
by GradCAM, which indicates that more regions in the image are assigned high positive
relevance values for segmenting existing masses. This may be attributed to the big difference
in the underlying technique used in the two methods. In Occlusion, different regions are
removed to measure their contribution to the output decision. This might make it easier for
the model to attribute higher weights to pixels that are not in the tumor area only because
their removal affected the segmentation results. Whereas in the GradCAM maps, the red
areas are much more constrained in the mass region since this method weights the gradients
of the activation maps at the last layer of our network, which are highly correlated to the

segmentation output itself.

Table 3.4: Image entropy results for explanation maps generated by different explainable
methods with the original and double-dilated segmentation networks. The table shows the
average results for all images in the validation set.

Activation | Grad-CAM | Occlusion
Original 3.154 0.119 2.526
Double-Dilated 3.505 0.139 1.445
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In order to quantitatively compare the complexity of different explanation methods, we
first calculated the image entropy of all explanation maps generated for the mammogram
screenings in the validation set. For the activation visualization method, we considered
the activation neurons of the last channel in our calculations. Table 3.4 shows the average
entropy results for different XAI methods when applied on images segmented by both the
original Deeplab V34 network and the double-dilated network. The results show that
the Activation Visualization had the highest average entropy value, indicating a very high
level of randomness in explanation. The Occlusion Sensitivity had less but relatively high
average entropy, with values distributed over a wide range (e.g., [0.113, 2.089] with the
modified network). In contrast, the Grad-CAM method achieved the lowest complexity
with an average value of around 0.12 in both networks, indicating the least randomness in
explanation mapping. We can also notice that the proposed network resulted in slightly
more complex explanations than the original network when using both Grad-CAM and
Activation maps. This can be due to the added complexity of the double-dilated kernels,
which are reflected in the feature maps employed for explanation mapping in these two
methods. However, this was not the case with the Occlusion maps, since the algorithm

used is not dependent on the activation values.
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Figure 3.11: Plot of pixel flipping graphs for different explanation methods. (a) shows
the performance of different explainable models when applied to the original DeeplabV3+
Segmentation Network. (b) shows the performance with the double-dilated network.

Then, in Figure 3.11, we display the pixel-flipping graphs for different explanation meth-
ods when using the original and the modified networks. The plotted graphs are the averaged
graphs for the whole validation set. We can see in the figure that the Grad-CAM and the vi-
sualized activation methods yielded the same average similarity scores for different percent-
ages of pixel flipping, which can be understandable since both methods mainly rely on the
activations of the last convolution layer of the network. Moreover, the Grad-CAM method

achieved a higher decay rate than the Occlusion Sensitivity method in all cases, which
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suggests that Grad-CAM explanations are more truthful compared to the other method.
Although this trend is the same in both original and modified networks, we can observe
that the Grad-CAM curve decayed faster with the double-dilated Deeplab V3+ network
than with the original network, which indicates a higher level of truthfulness in Grad-CAM
explanations of the proposed segmentation network. This proves how the network structure
can affect the performance of explanation methods as discussed in [117]. Overall, the pixel-
flipping results agree with the entropy results and our visualized analysis, which all suggest
that the Grad-CAM explainability technique is able to provide truthful and comprehensible
explanations for mammogram mass segmentation results. This encourages the adoption
of this simple yet powerful tool in medical image segmentation networks to improve their

transparency and promote their integration into clinical practice.

3.6 Conclusion

Computer-aided Diagnostic (CAD) modeling of cancer is crucial to identify the disease at
an early stage and achieve better outcomes. In this work, we addressed three challenges
in medical image segmentation systems. First, we proposed a double-dilated convolution
module that perceives complex kernels with denser cores in order to eliminate the problem
of decaying local resolutions in medical images which occurs when applying existing CNN-
based segmentation architectures. With the use of the state-of-art Deeplabv3+ network, we
explain our simple implementation of the double-dilated convolution which uses two dilation
factors in parallel to replace the traditional dilated convolution layer used in the original
network. To evaluate our proposed convolution method, we performed our analysis on the
publicly available mammogram screenings provided by the INBreast dataset. Second, to
solve the pixel-level class imbalance problem existing in the data, we compared using four
widely-used loss functions in training our network to determine the best-suited method for
this task. Finally, we adopted explainability techniques to provide interpretable segmen-
tation results and quantitatively compared their performance in terms of complexity and
truthfulness.

Based on our experiments, it may be concluded that double-dilated convolution can
achieve promising results by increasing the similarity scores and lowering the miss-detection
rate when adopted in CNN-based networks performing medical imaging segmentation. In
addition, evaluating different loss functions The Tversky loss function showed the best
validation results compared to the other functions. It also emphasized the importance
of selecting the optimal loss function with the fine-tuned hyper-parameters to avoid poor
performance on the underrepresented classes. Finally, the explainable AI results show
the effictiveness of Grad-CAM in explaining CAD segmentation results to provide medical

professionals with interpretable and trustworthy decisions.
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In the future, we will experiment with adopting the proposed methods in large datasets
with different medical image modalities to verify the effectiveness of our segmentation and
explainablity techniques. Also, similar to the double-dilated convolution module imple-
mented in the study, the concept of multi-resolution dilated convolution can be extended
to develop an N-dilated convolution module which employs a kernel with N sparsity factors
on different scales. Moreover, our research direction can explore the ability of our proof-of-
work in this study to generalize for other non-medical dense prediction and object detection
tasks. Finally, we intend to investigate the phenomenon of high false positive rates associ-
ated with CAD systems in order to spare patients from the negative psychological impact

and unnecessary biopsies.
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Chapter 4

Two-Step Stage-Specific Machine
Learning Model for Breast Cancer

Survivability Prediction

Disclaimer: This chapter is an IEEE publication and we are adhering to IEEE’s copyright
rules to report it [118].

Following the diagnosis of cancer with the aid of medical image segmentation (Chap-
ter 3), medical professionals need to perform prognostic analysis to make informative
decisions about the appropriate course of actions for a specific patient. While traditional
medical informatics focus primarily on disease classification problems, the development of
Computer-Aided Prognosis systems for patients suffering from multi-stage conditions, such
as breast cancer, surprisingly remains an overlooked research topic. In this work, we ad-
dress the survivability prediction problem for breast cancer patients due to the importance
of survivability analysis and prediction for healthcare providers to make informed deci-
sions on recommended treatment pathways for different patients. Then, we combine two
main strategies in solving the breast cancer survivability prediction problem using Machine
Learning techniques. In the first strategy, we model the survivability prediction task as a
two-step problem, namely 1) a classification problem to predict whether or not a patient
survives for five years, and 2) a regression problem to forecast the number of remaining
months for those who are predicted to not survive for five years. The second strategy is
to develop stage-specific models, where each model is trained on instances belonging to a
certain cancer stage, instead of using all stages together, in order to predict survivability of
patients from the same stage. We investigate the impact of adapting these strategies along
with applying different balancing techniques over the model performance using the National
Cancer Institute’s Surveillance, Epidemiology, and End Results (SEER) dataset. The ob-

tained results demonstrate that the proposed methods prove effective in both survivability
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classification and regression.
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4.1 Introduction

After diagnosing a cancer patient using the computer-aided medical image segmentation
system proposed in Chapter 3, medical professionals confirm the positive diagnosis and
collect clinical information about the developed disease typically by performing a biopsy
procedure [59]. This involves removing a tissue sample from the tumor to examine it under
a microscope. The collected information can help determine the stage of the disease and
can then be used to predict survivability and plan appropriate treatments. With the re-
cent advancement of biomedical imaging, Internet of Medical Things (IoMT), and medical
cyber physical systems, computer-aided disease classification have gained much popularity
to complement the caregivers in diagnostic decision making and significantly reduce their
burden. However, disease survivability prediction remains a significantly overlooked area for
numerous diseases, particularly with multiple stages such as congestive cardiac disorders,
various cancer types, chronic kideny disorder, diabetes, and so forth. Fig. 4.1 depicts the
research gap and the need for survivability analysis and prediction in terms of survivability
regression models. In this paper, we address this issue by envisioning an appropriate frame-
work to combine the disease survivability classification and regression tasks in a seamless

manner. Among these numerous multi-stage chronic disorders, we continue to consider the
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Figure 4.1: The research gap in the current state of research in health-related intelligence
systems, illustrating the need for survival time estimation for multi-stage diseases in next-
generation, automated and intelligent early warning systems for chronic diseases.

breast cancer use-case, similar to previous chapter, as it is well-suited for the objective
of this study (refer to Chapter 2. Moreover, breast cancer is the most commonly diag-
nosed cancer among female patients in the world [55]. According to the Canadian Cancer
Statistics in 2021, 1 in 8 females (12%) is expected to be diagnosed with breast cancer in
their lifetime [55]. With emerging biomedical technologies allowing better prognostic fac-
tors to be measured and recorded, cancer survival prediction has become a popular research
interest in the last decade. Accurately predicting patients’ survivability may provide med-
ical teams with appropriate treatment recommendations and help prescribe personalized
medicine [119]. However, most cancer survivability studies aim to only predict patients’
five-year survivability, which may not be sufficient for medical decisions. For instance, if
a patient is predicted to not survive, the survival time of the patient remains unknown.
Therefore, it is important to develop an accurate regression model for survival time pre-
diction of breast cancer patients to provide more precise information for medical decision
making [120].

The Surveillance, Epidemiology, and End Results (SEER) repository is the most com-
prehensive publicly-available source of information on cancer incidence and survival in the
United States [54]. It has been used in many studies on breast cancer, mostly for prognosis
analysis. SEER cancer records are assigned a phase, referred to as the “summary stage”,
which can be defined as the most basic way of categorizing how far a cancer has spread

from its point of origin [121]. The stages associated with malignant tumors in the SEER
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database are Localized, Regional, and Distant stages. The stage at which the patient is
first diagnosed greatly affects the rate of survivability among breast cancer patients. For
example, between 2011 and 2017, the five-year survival rate for women diagnosed with
localized-stage breast cancer was as high as 99%, whereas the rate was only 29% for those
with distant stages [45]. Most breast cancer survivability prediction studies, however, tend
to model incidences from all stages together, while only providing the stage as an input
attribute to the model.

In this paper, we aim to develop a novel prediction system for breast cancer survival
time that can serve as a proof-of-work for generalization toward survivability prediction
in other multi-stage diseases. As depicted in Fig. 4.2, our proposed method combines two
main strategies in solving the breast cancer survivability prediction problem using Machine
Learning (ML) techniques. Our first strategy formulates the breast cancer survivability
prediction task as a two-step problem: 1) a classification problem to predict whether or not
a patient survives for five years, and 2) a regression problem to predict the number of survival
(remaining) months for the patients who have been predicted not to survive for another
five years. Our second strategy consists of stage-specific ML models, where each model
is trained on instances belonging to a certain summary stage, instead of simultaneously
exploiting all stages, in order to predict survivability of patients from the same stage.
Then, we investigate the effect of adopting our proposed strategies on both classification
and regression performances. We also evaluate the prognostic value of the Lymph Node
Ratio (LNR), which is defined as the ratio between positive lymph nodes and the examined
ones, when employed as an input to the proposed model. Moreover, we compare applying
different balancing techniques, including under-sampling, over-sampling, and cost-sensitive
learning, to overcome the class-imbalance problem in the data. To the best of our knowledge,
this is the first study that explores breast cancer survivability prediction using a two-step
stage-specific framework.

The remainder of the paper is organized as follows. We survey the relevant research
work in section 5.2. Next, the dataset preparation is described in section 5.3. Our pro-
posed strategies, model selection, balancing techniques, and experimental methodology are
described in section 4.4. The performance our proposal is presented in section 4.5. Finally,

section 4.6 concludes the paper and provides future research directions.

4.2 Related Work

In this section, we provide the recent research work on breast cancer classification and
survivability prediction. Different methods emerged in the literature for performing breast
cancer prognostic analysis. For instance, Delen et al. [119] employed the SEER data col-

lected in the years 1973-2000 to compare the performance of Artificial Neural Networks
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(ANN), Decision Trees (C5) [14] and Logistic Regression in predicting breast cancer five-
year survivability. The C5 algorithm was found to be the best of the three models evaluated
in terms of accuracy, sensitivity, and specificity. The study also proved that for this spe-
cific problem, Multi-layer Perceptrons (MLPs) [122] were more suitable than other ANN
architectures, such as Radial Basis Function (RBF), Recurrent Neural Network (RNN), and
Self-Organizing Map (SOM). Similarly, the C4.5 [14] decision tree algorithm was found to
achieve a better accuracy in [123] when compared to Naive Bayes, and Neural Networks
for five-year survival prediction, and also in [124], when compared to the Naive Bayes and
Logistic Regression in predicting patients’ ten-year survival status. In a different direction,
Hussain et al. [125] experimented on performing dimensionality reduction on the SEER
data (from 1973-2010) by employing the Principal Component Analysis (PCA). Their work
revealed that reducing the 14 cancer-related SEER attributes to only five components ob-
tained by PCA that captures 98% of total variance, only resulted in a 0.2% drop in the
five-year survival classification accuracy of the Logistic Regression model.

Although the vast majority of the research conducted in this area only focused on the
survival classification problem, i.e., predicting whether or not a breast-cancer patient will
survive for a certain amount of time (typically 5 years), some researchers also studied the
survival time estimation problem for breast cancer patients. For instance, the authors
in [126] developed a web-based decision support system that predicts both the five-year
survivability and the survivability period that a breast-cancer patient could survive. They
employed decision trees and Generalized Linear Models (GLMs) for the classification and
regression tasks, respectively. However, these models worked separately without having
a sequential setting. In other words, the output of the classification task was not taken
into consideration when performing the regression task. Next, Teng et al. [20] proposed
a Bayesian prognostic model with age stratification to predict survival time in months for
breast-cancer patients. The effectiveness of their model was demonstrated via Concordance
statistic and compared with the classical Cox model and other ML approaches.

In spite of the large number of models proposed in the literature for breast cancer

survival prediction, the following shortcomings still exist and need to be addressed:

e Limited attention has been given to the survival time estimation for breast-cancer
patients, particularly those who are unlikely to survive for five years. Predicting the
remaining amount of time for a non-surviving patient is necessary for medical service

providers to allocate resources and decide recommended medication.

e Almost all studies employ instances from all cancer stages combined to train the
model, which can negatively impact the model performance for two reasons. First,
the survival rates for different stages are greatly different. Second, the importance of

the features used to predict survivability can vary from one stage to another. Hence,
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Figure 4.2: The proposed two-step stage-specific framework for breast cancer survivability
prediction in inference time. The regression models in the second step are only trained on
instances of patients who died within 5 years of diagnosis.

the trends or patterns existing in the stage with the largest number of instances tend

to dominate the behavior of the ML model adopted for all the stages.

Although it is known that the breast cancer data suffer from a high class imbalance,
most studies use accuracy to evaluate their models that can be misleading. For in-
stance, when the survival rate of breast cancer for all stages combined was known
to be 90% in 2017 [45], developing a model which predicts all instances to survive,
could easily attain a 90% classification accuracy, when it did not actually learn any-
thing. This would result in having an incredibly high number of false positives (when

considering the positive class as the surviving class).

The train-test splits used in the previous research work mostly adopt conventional
methods, such as k-fold validation split or 80:20 fixed train-test split. Hence, such
models are not tested against instances coming from different time periods than the
ones in the training set. This is a drawback as it has been demonstrated that data-
driven knowledge for breast cancer survivability is not persistent over time [46]. This

suggests the need for over-time validation before these models can be clinically applied.

In the remainder of this paper, we aim to address the above-mentioned shortcomings while
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utilizing and re-purposing the findings from the previous research work.

4.3 Data Preparation

In this section, we describe the dataset selection and preprocessing phases that are required

for the machine learning model development.

Table 4.1: The SEER dataset attributes used in our analysis and their corresponding data
types.

# | Attribute name Type

1 | Age recode with < 1 year olds Categorical
2 | Year of diagnosis Numeric

3 | ER Status Recode Breast Cancer (1990+) Categorical
4 | PR Status Recode Breast Cancer (1990+) Categorical
5 | CS tumor size (2004-2015) Numeric

6 | Breast - Adjusted AJCC 6th T (1988-2015) Categorical
7 | Breast - Adjusted AJCC 6th N (1988-2015) Categorical
8 | Breast - Adjusted AJCC 6th M (1988-2015) Categorical
9 | Breast - Adjusted AJCC 6th Stage (1988-2015) | Categorical
10 | Grade (thru 2017) Categorical
11 | Summary stage 2000 (1998-2017) Categorical
12 | Regional nodes examined (1988+) Numeric

13 | Regional nodes positive (1988+) Numeric
14 | Survival months Numeric

15 | Vital status recode (study cutoff used) Categorical
16 | COD to site recode Categorical

List of notations/acronyms used:

ER: Estrogen Receptor, PR: Progesterone Receptor, CS: Collaborative Stage, AJCC: Amer-
ican Joint Committee on Cancer (6th Edition), T: Extent of Tumor, N: Spread to nearby
Lymph Nodes, M: Metastasis, COD: Cause Of Death.
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4.3.1 Dataset selection

The Surveillance, Epidemiology, and End Results (SEER) repository contains cancer inci-
dence data from population-based cancer registries covering approximately 47.9% of the US
population. We used the latest version of the SEER database (November 2021), which covers
de-identified cancer incidences from years 2000 through 2019 comprising a total of 8,721,474
cancer incidences including 1,425,552 breast cancer incidences (both malignant and in-situ).
The database was accessed through the SEER* Stat software (version 8.4.0.1) [127] after
signing a data use agreement. Since the attributes provided by SEER are not necessarily
persistent throughout the years, we extracted data for females diagnosed with malignant
breast tumors between 2004 and 2015, after ensuring that all the columns-of-interest were
collected during those years. We selected the cancer-related features that were commonly
utilized in the literature for this purpose and were demonstrated to be highly correlated to
survival prediction [19,20,44,119,123-126,128-130]. Table 4.1 lists the attributes used in
our study. All the listed attributes were used as features for the predictive models except
for the last three which were only used to define the target variables for both regression and

classification tasks.

4.3.2 Preprocessing

We applied some preprocessing steps to clean the data, perform some feature engineering,
and prepare the labels for the classification problem. All the records that had missing val-
ues along any attribute were removed. Then, a new feature was created to represent the
Lymph Node Ratio (LNR), which was found to improve the model ability to predict sur-
vivability [20]. However, instead of developing a whole new model to estimate LNR prior
to feeding it to the main prediction model as considered by Teng et al. [20], we derived
the values for LNR from the data by dividing the number of positive lymph nodes over the
number of examined lymph nodes. We noticed that the difference between using the derived
LNR and the estimated one was negligible in terms of the model performance. However,
the estimated LNR adds an unnecessary complexity to the system and requires more in-
ference time than the calculated LNR. All instances that had positive lymph nodes more
than the examined ones, or had zero examined nodes were excluded. In our experiments,
we found that adding LNR resulted in approximately 0.1 improvement in the model aver-
age Fl-score. Next, we defined the output attribute in both classification and regression
tasks. As for the regression, the survival months attribute was directly used as the depen-
dent variable. However, the five-year survivability (survival) was labeled based on three
attributes, namely Survival Months (months), Vital Status Recode (status), and Cause of
Death Recode (COD). The steps of Algorithm 2 explain the logic used to determine whether

a breast cancer patient in the SEER dataset survived or not. This method overcomes one
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drawback found in previous studies [44,123], as the patients who died due to breast cancer
after living more than 60 months since diagnosis were ignored in those studies according
to their logic, although they should be classified as five-year survivors. Our final dataset
included 404,576 instances for female patient cases with malignant breast tumors. We used
the instances from 2004 through 2012 for training and the remainder for testing. Thus,
we reserved approximately 22% of the entire dataset for testing the model performance.
This split was intended to evaluate the generalization ability of the model through time,

especially when survivability rates and trends tend to change over the years [46].

Algorithm 2 Logic used to define the five-year survival.

if status = “alive” and months < 60 then
Drop instance
else if status = “dead” and COD # “breast” then
Drop instance
else
if months > 60 then
survival < True
else
survival < False
end if
end if

4.4 Proposed Method

In this section, we describe our proposed machine learning models for the joint survivability
classification and prediction for the considered breast cancer use-case. First, we delineate
the ML model selection among the candidate classifier and regressors. Then, we identify
the best class balancing method for different stages of the disease. At the end, we present
the proposed experimental methodology for the survivability classification and regression

tasks.

4.4.1 Model Selection

Although choosing the best ML algorithm for the problem was not the main objective of
this work, we conducted a pilot experiment to systematically identify the best performing
classifier and regressor for our dataset out of the popular methods used in previous research
work. The classification experiment included K-Nearest Neighbor (KNN), Decision Tree
(C4.5), Support Vector Machine (SVM), Naive Bayes, Logistic Regression, Multi-Layer
Perceptor (MLP), and Random Forest (RF). The macro-average F1 Score was chosen as

the evaluation metric, because the dataset is significantly imbalanced and the F1l-score can
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serve as a real number evaluation metric that combines both recall and precision, and is
commonly used for making decisions when dealing with skewed datasets. Also, we opted to
use the macro average instead of the weighted average because the latter can be misleading
as it assigns more weight to the majority class, when misclassifying instances from the
minority class can be equally (or even arguably more) important in our case. We found
that the Random Forest model achieved the highest average F1-score, hence it was used in
all the following experiments. As for the regression task, the MLP Regressor was chosen
since it achieved the lowest Root Mean Square Error (RMSE) when compared to KNN,
SVM, and RF regressors. All initial experiments were conducted using built-in methods
provided by the Scikit-learn [131] library of Python with the default settings.

4.4.2 Balancing Techniques

Due to the high survivability rate of breast cancer, our dataset is highly skewed towards
the positive class, except for the distant summary stage where the opposite is true. Many
balancing techniques were proposed to solve this problem. We experimented up-sampling
the minority class using the Synthetic Minority Oversampling Technique (SMOTE) [132]
and its variants; BorderLinel, BorderLine2 [133] and Adaptive Synthetic Sampling approach
(ADASYN) [134]. Random down-sampling, and Cost-Sensitive Learning were also included
in the comparison to select the method that yields the best performance for our problem. In
the cost-sensitive learning, a weight is assigned to the minority class to increase the penalty
of misclassifying it in the training step compared to classifying the majority class [135]. We
employed the oversampling methods provided by the Imbalanced-learn library [136] at this
step, while other techniques were implemented using the available Scikit-learn functions.
For the upsampling methods, we introduced a range of upsampling rates commencing from
the original ratio between minority and majority classes until reaching 1 (balanced case)
with a step of 0.1. For example, when training the joint model that used instances from
all stages combined, the ratio between the negative class and the positive class samples
was approximately 0.1. In that case, we employed SMOTE and its variants using different
upsampling strategies that increased this ratio from 0.2, 0.3, .., 1. The same concept
was used for the random downsampling and cost-sensitive learning techniques, in order to
determine the suitable balancing method for our prepared dataset.

To find the best balancing method for different stages, we performed the experiment us-
ing data instances from each stage separately. Table 4.2 demonstrates that the cost-sensitive
learning method was able to achieve the best average F1-score for all datasets. On the other
hand, the ADASYN technique failed to generate any synthetic samples in the distant-stage
data space, as the algorithm only duplicates data points which are located outside homoge-
neous neighborhoods [134], and none were found in the distant stage. Therefore, to have a

consistent approach when modeling all stages, we used the cost-sensitive learning as our bal-
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ancing technique in all the following experiments. The same approach was also successfully

utilized in [44] for breast cancer survivability prediction.

Table 4.2: Results of applying different balancing techniques on the data used to train the
joint, localized, regional and distant models. The table compares the macro-average F1-
score obtained by the RF classifier with default settings when using SMOTE, BorderLinel
BL(1), BorderLine2 BL(2), ADASYN, Random Down-sampling RDS, and Cost-sensitive
Learning CSL.

SMOTE | BL(1) | BL(2) | ADASYN | RDS | CSL
Localized 0.583 0.582 | 0.568 0.578 0.577 | 0.598
Regional 0.694 0.687 | 0.712 0.678 0.677 | 0.723
Distant 0.633 0.637 | 0.633 - 0.634 | 0.646

4.4.3 Experimental Methodology

4.4.3.1 Classification

To predict whether or not a breast-cancer patient will survive for five years, we built and
compared two types of models: Joint and Stage-specific. The traditional joint model was
trained on instances from all the stages combined, whereas the stage-specific model was
exclusively built for one of the three summary stages, i.e., “Localized”, “Regional”, or “Dis-
tant”. Other than the fact that survivability rates are greatly different for different cancer
stages, the idea of developing separate classifiers based on the SEER summary stage was in-
spired by the work done by Kate et al. [44], where they concluded that the prognostic values
of features are different from one stage to another. We also attempted to separate models
based on other important features, such as the Grade, but no improvement in performance
was achieved in this case. To develop each of our classification models, a randomized search
using a three-fold cross-validation was executed to fine-tune the Random Forest hyper-
parameters and to choose the class weights suitable for the cost-sensitive learning in each
case. To compare the performance of the two model types, we calculated the macro-average
F1-score as our main evaluation metric for test samples from each stage separately. We also

report the accuracy achieved by each model for each of the three subsets.

4.4.3.2 Regression

For this task, we conducted two types of experiments. Similar to the classification task,

the first experiment was to compare the performance of the joint regression model to the
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stage-specific ones, when predicting the number of months left for a patient. In the second
experiment, we evaluate the improvement in the regression results obtained by a two-step
system that first predicts whether a patient is likely to survive for five years or not, and then
estimates the number of months remaining for those who are classified as non-survivors, us-
ing a regressor that was trained on patients who died within five years from diagnosis. The
two-step prediction approach was also adopted in [19] to predict the survivability of co-
morbid cancer cases. All models were developed using Scikit-learn Multi-Layer Preceptors,
where the network size, the learning rate, and the regularization parameter were fine-tuned
using randomized grid search, similar to the classification task. The maximum number of
iterations used was 10,000, and the default values were employed for all other parameters
for all the networks. The RMSE results of the two-step system and the traditional one-step
regression with and without stage-specificity were compared for each of the three summary

stages.

4.5 Results and Discussion

In this section, we evaluate the performance of our proposed ML models for breast cancer

survivability classification and regression tasks, respectively.

4.5.1 Survivability Classification Results

As demonstrated in Table 4.3, the stage-specific models achieved better results than the
joint-stage model for all stages. The improvement was the most significant for distant-stage
instances for which the average Fl-score increased by almost 11%. The regional stage did
not have a large change in any of the two reported metrics, which could indicate that the
model was already able to predict regional instances using patterns learned from all stages
combined. However, it is worth-mentioning that the stage-specific model uses less training
data, hence, requires less computational resources than the joint model, and can be more
efficient in inference time when using tree-based algorithms such as Random Forest.

It can be noticed from the results how using the accuracy for evaluation is not suitable
for highly-imbalanced data such as our case. The reason is that it can overestimate the
classification ability of the model due to having the vast majority of instances belonging to
the same class. For instance, the accuracy achieved by the joint model for localized test
samples was as high as 96% while the model had a low recall score for the negative class

(minority class), causing the Fl-score to be significantly low.
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Table 4.3: Results for joint and stage-specific models when applied to test instances of
each of the three stages. The main evaluation metric is the macro-average F1-score. The
corresponding accuracy is reported for reference.

Metric Joint | Stage-specific

F1l-score | 0.525 0.579
Localized

Accuracy | 0.961 0.952

Fl-score | 0.671 0.669
Regional

Accuracy | 0.833 0.832

Fl-score | 0.517 0.625
Distant

Accuracy | 0.705 0.665

4.5.2 Survivability Regression Results

In Table 4.4, we report the regression results for the traditional one-step joint model as
the baseline model, and demonstrate the effect of introducing the stage specificity and
the two-step strategies to the system. For the sake of comparison, we only show the results
obtained by each of the compared systems for the correctly-classified negative test instances.
Looking at the results, we clearly notice that having stage-specific models resulted in better
performances for all stages. Furthermore, the RMSE dramatically dropped by integrating
the classification model as a pre-regression step, to identify patients who are unlikely to
survive for five years and provide them with additional information. It can also be noticed
that the localized-stage instances were the hardest to predict in the one-step models, whereas
patients from the distant stage had slightly higher prediction errors than other stages in the
proposed two-step stage-specific models. Although the proposed method was able to achieve
a significant improvement in the results, the regression errors for all models were still quite
high, even after using the two-step framework. Similar findings were previously reported for
comorbid-cancer patients’ survivability prediction in the work conducted by Liu et al. [19].
This can be attributed to the fact that predicting the exact number of months left for a

cancer patient is considered as a hard problem to be solved even by human domain-experts.
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Table 4.4: The Root Mean Square Error (RMSE) obtained by Multi-Layer Perceptrons
(MLPs) for breast cancer survival months estimation using three different systems. The
results are reported for all models when applied on the same set of test samples from
different summary stages.

1-Step Joint | 1-Step Stage-Specific | 2-Step Stage-Specific
Localized 42.193 37.531 14.015
Regional 32.681 28.272 13.939
Distant 23.381 19.481 15.027

To further understand why the two-step, stage-specific model was able to obtain better
estimation results, we plotted the estimated Probability Density Function (PDF) for the
number of months survived by the patients who died within five years of diagnosis. The
total number of training instances that did not survive was 28187, and we plotted the PDF
for instances from different stages separately. As demonstrated in Fig. 4.3, the mean and
variance for the distribution change from one stage to another, as the patients who are
diagnosed at earlier stages tend to have higher chances of living longer. This confirms the
need to model different stages separately, instead of just providing the cancer summary stage
as a feature to the ML model. Another explanation for the above results is that including
the samples that survived for more than 60 months, while training the one-step regression
model, appears to confuse the model when it estimates the survival months remaining for
the test patients. The number of survival months when considering all patients in the
training set varies from zero to 191 months, which makes it harder for the model to learn
the necessary trends observed for patients who die within 60 months. On the other hand,
adding the classification step enables the model to better estimate the number of months
left for a patient within five years, after learning the survival patterns from patients who
also died within five years from diagnosis. This way, more precise prediction can be provided

for critical cases who are not likely to survive for more than five years.
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Figure 4.3: Probability Density Function of survival months for non-surviving training
instances from different summary stages.

4.6 Summary

Computer-aided prognostic modeling of cancer survivability is important to help oncologists
predict disease outcome and patient survival. In this paper, we developed machine learning-
based predictive models to estimate survivability of breast cancer patients within five years
from diagnosis. We performed our analysis on the female patients’ breast-cancer incidence
data in the US from the publicly available SEER repository. We split the data to train
and test datasets based on the year of diagnosis, in order to investigate the generizability
of our developed models over time. Unlike previous research work, our proposed model

considers the survivabilty problem as a two-step problem, while ensuring cancer stage-
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specific modeling at the same time. This means that the five-year survivability status of a
patient is predicted at the first step; then the second step predicts the remaining lifespan of
the patient if they are estimated to not survive. It also means that all models in both the
classification and regression steps are stage-specific models so that predicting the survival
of a patient diagnosed with a particular summary stage is performed by a model exclusively
trained with incidences of the same summary stage.

Based on our experiments, it may be concluded that the two-step stage-specific system
enhances the overall performance of the survival estimation for breast cancer patients.
Moreover, evaluating the results for each summary stage separately revealed the differences
in performance between stages, confirming the need to address the survivability problem for
each stage separately. In the future, we will consider investigating possible methods that
can further improve the survival time estimation accuracy for breast-cancer patients. By
including more informative features, utilizing feature selection methods, employing different
learning algorithms for different stages, and building hybrid deep neural networks, we will
systematically investigate how the model performance may further improve. Also, as part of
our future research endeavor, we will extend and generalize our proof-of-work in this paper
for survivability classification coupled with survivability prediction for other multi-stage

chronic diseases.
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Chapter 5

Survival-Based Stage-Specific
Treatment Planning Using
Machine Learning Models

Despite the crucial role of prognosis in determining the most suitable treatment plans,
the development of survival-based treatment planning models in clinical decision support
systems has been insufficiently addressed. To overcome this issue, the chapter builds on the
survival prediction methods introduced in Chapter 4 and proposes a novel framework for
survival-based treatment planning, which predicts a ranked list of possible combinations of
treatments associated with their estimated survival outcome. This approach aims to provide
medical professionals with more detailed and intuitive treatment recommendations, enabling
them to make more informed decisions about the most appropriate course of action. By
incorporating the stage-specific survival prediction models into treatment planning, we first
re-conduct the experiments that were previously performed on the SEER Research data for
survival prediction using the treatment-inclusive SEER Research Plus data to 1) evaluate
the performance gain after including different treatment fields (i.e., surgery, chemotherapy,
radiation) and 2) check if the conclusions derived from previous analysis still hold on the
new set of data. Second, to provide prognostic-oriented aid for the treatment planning step,
we use the developed survival prediction models to design an inference treatment planning
system that receives the patient’s data while considering the treatment fields as variables.
Then, the survival prediction model tests all different combinations of the treatment fields
and ranks the predicted survivability outcomes for this patient given different treatment
plans. To provide more understandable decisions for the medical team, the system provides
interpretable outcomes by visualizing different features’ importance and the decision path

followed by the model for a specific patient.
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5.1 Introduction

In clinical decision support (CDS) systems, the term computer-aided treatment recommen-
dation refers to the use of computer algorithms to assist healthcare providers in making
decisions about treatment options for patients. This technology can help clinicians to eval-
uate patient data, such as medical histories, laboratory results, imaging scans, and other
diagnostic tests, to identify potential diagnoses and suggest appropriate treatment plans
. These systems are also capable of analyzing large amounts of data from clinical trials,
medical literature, and other sources to inform clinicians about the latest research findings
and treatment options. The use of computer-aided treatment planning has the potential
to improve patient outcomes by providing more accurate and evidence-based treatment
recommendations.

Al can be used to provide real-time, data-driven clinical decision support to help doctors
make better treatment decisions. By analyzing patient data and treatment outcomes, Al can
help doctors identify patterns and predict which treatments are most likely to be effective
for a particular patient. However, it is important to note that in order to improve the
integration of these systems in medical practice, these systems should not replace human
judgement and expertise and should only be used as a tool to support clinical decision-
making, as its name suggests [11].

The medical community has recognized the significance of survivability prediction in

determining appropriate treatment plans [6]. However, the development of survival-based
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treatment planning models in clinical decision support (CDS) systems has been largely
neglected in previous studies [48-50]. Considering survivability as an important prognostic
factor in making treatment decisions, it can help doctors determine whether to opt for
aggressive therapies or focus on palliative care [29]. This approach can help healthcare
providers deliver personalized care to patients while also providing realistic expectations
of the available treatment options to patients and their families. Therefore, it is crucial
to design treatment recommendation systems that utilize survival prediction to suggest

treatment pathways.

SEER Treatment Fields .
Stage-Specific
Survival Prediction
Surgery
o Performed
® Not performed Differel}t Plans Localized Estin.lated Rank | Plan | Survival
. Y (used with Survival Months
Radiation previous patients) (for each plan)
o Beam radiation . #1
o Radioactive implants {15
o Radioisotopes #2
Chemotherapy oo
e Performed Patient’s
o Not performed Data

Figure 5.1: The proposed system for prognostic-based treatment planning using stage-
specific survival prediction models.

In this chapter, by employing the SEER Research Plus cancer data [54] and the survival
prediction models introduced in Chapter 4, a new framework for survival-based treatment
planning for breast cancer patients is proposed to address this issue. As shown in Figure
5.1, the system takes the patient’s data and different possible sets of treatment combina-
tions as inputs and estimates the survival outcome of each plan using our stage-specific
survival prediction models. The input treatment options are predefined by extracting all
possible treatment plans used with previous patients in the training dataset. Then, in-
stead of only providing a single recommended treatment for medical professionals as done
in previous treatment recommendation systems [48-50], our system generates an ordered
recommendation list of possible treatment plans with the best survival outcomes for a spe-
cific patient as its output. This approach is aimed at providing more detailed and intuitive
prognostic-based recommendations, which can assist medical professionals in making more
informed decisions regarding the best course of treatment for their patients. By incorpo-
rating survival prediction into treatment planning, medical professionals can provide better
patient care and help patients and their families be involved in making decisions about their

treatment options.
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5.2 Related Work

Treatment planning is a crucial step that can determine the disease outcome for cancer
patients. Recently, many studies investigated the usage of Artificial Intelligence techniques
in recommending patient-specific cancer treatment plans. Since radiation therapy is one
of the most common treatments for cancer, many researchers investigated the use of ma-
chine learning (ML)-based models to predict the optimal radiation parameters to use for
a certain patient based on their available data [48-50]. On the other hand, [51] developed
different machine learning models, including linear models, support vector machines, tree-
based models, and neural networks to predict quality assurance (QA) outcomes in intensity
modulated radiation therapy (IMRT) planning. This QA is important to validate the dose
calculation accuracy and verify that the plan can be delivered as intended on the treatment
machine.

Another objective that is usually considered during the treatment planning process is
predicting the response of the patient’s body to a specific treatment plan. Based on our
review of the literature, we found some studies that applied ML-based models on medi-
cal data from different modalities for treatment response prediction. The authors in [137]
applied Random Forest classifiers (RF) on magnetic resonance (MR) scans to predict the
treatment response using multivariate delta-radiomic features for locally advanced rectal
cancer (LARC) patients treated by neoadjuvant chemoradiation therapy (nCRT). In [138],
however, they used clinical data, including patient characteristics, mutations, and labora-
tory findings, from the electronic medical records to develop an Al-based clinical decision
support algorithm that predicts if PD-1 inhibitors therapy results in complete, partial or
no clinical response in lung cancer treatment. By employing both MR imaging and tabular
clinical data, the authors in [139] created a framework for predicting therapeutic outcomes
of transarterial chemoembolization using ML techniques.

Despite having several studies and research projects focused on the use of Al in cancer
treatment planning, we identified some of the limitations existing in current decision support

systems for cancer treatment in order to address them in our work:

e First, although many therapy approaches can be considered while deciding on a can-
cer treatment plan (e.g. surgery, chemotherapy, radiation, etc.), all of the above-
mentioned studies only considered one type of therapy in their treatment outcome

prediction models.

e Moreover, including the survival prediction aspect in cancer treatment planning was
greatly overlooked in previous CDS systems, which calls for the need to design a new

survival-based system.

e In addition to that, most of the proposed treatment outcome models used black-box
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architectures which made the automated decisions hard to understand or rely on by

oncologists and healthcare providers.

In this work, we propose the usage of survival prediction ML models on breast cancer
clinical data for patient-specific treatment planning while considering combinations of differ-
ent methods of therapy. We also provide additional explanatory information along with the
decision generated by the model to make it interpretable by the medical team. To the best
of our knowledge, this is the first work to approach the cancer treatment recommendation

task through survival prediction ML models.

5.3 Data Preparation

In this section, we describe the dataset selection and preprocessing phases that are re-
quired for devloping the machine learning models and evaluating the treatment planning

framework.

5.3.1 Dataset Selection

Similar to the work done in the previous chapter, we continued employing the clinical data
provided by the Surveillance, Epidemiology, and End Results (SEER) repository [54] for
breast cancer incidence collected by cancer registries in the US. However, in this chapter,
we requested access to the SEER Research Plus data package, which includes all cancer
treatment information available for the patients to be able to carry out the analysis required
in this chapter. After our request was approved and the data use agreement was signed,
we imported the November 2021 version of the SEER Research Plus database using the
SEER* Stat software (version 8.4.0.1) [127].

To provide consistent analysis with the work done in the previous chapter, we followed
the same approach in extracting the cancer incidents of females diagnosed with malignant
tumors. In addition to the features selected from the basic dataset as listed in 4.1, we
added the therapy-related attributes that were only available in the Research Plus version.
The appended features are displayed in Table 5.1 along with their corresponding possible
values and the count of incidents of each value in our dataset. As explained by the database
documentation, Reason no cancer-directed surgery states whether or not a surgery was per-
formed to treat the cancer along with the reason if a surgery was not performed. Radiation
recode indicates the method of radiation therapy performed as part of the first course of
treatment, whereas Chemotherapy recode simply records whether chemotherapy was given
or not. The features used to calculate the target variable for the survivability prediction

model were the same as explained in Chapter 4.
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Table 5.1: The treatment-related attributes from the SEER Research Plus database used in
our analysis and their possible values. These attributes are added on top of the attributes
listed in 4.1, which were available in the SEER Research data. All names are listed as
provided by the SEER Repository.

Attribute name | Values Count
Surgery performed 371783
Reason 1o Not recommended 4357
cancer-directed Recommended but not performed, patient refused 314
Sursery Recommended but not performed, unknown reason 173
Not recommended, contraindicated due to other cond 139
Beam radiation 196633
None/Unknown 162687

Radioactive implants (includes brachytherapy) (1988+) | 9650

Radiation recode | Refused (1988+) 4451
Radiation, NOS method or source not specified 2562
Combination of beam with implants or isotopes 622
Radioisotopes (1988+) 161

Chemotherapy No/Unknown 203589

recode Yes 173177

5.3.2 Preprocessing

For the pre-processing stage, we first followed the same cleaning steps explained in the
previous chapter to remove the records with missing values in the cancer-related attributes
employed in both chapters as well as the surgery-related field. However, we did not remove
the records containing Unknown values in the radiation or chemotherapy fields since for
each of these fields, patients who did not receive the treatment, as well as the ones whose
status is unknown, are all assigned the same category named None/Unknown. Hence, it is
impossible to differentiate between the incidents where the treatment was not given from
the unknown ones. Removing records with unknown values, in that case, would inevitably
remove valuable records that represent an important category in our analysis (i.e., not giving

a certain treatment).
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Algorithm 3 Feature engineering of cancer-related treatment fields.

input: Treatment attributes: 1)Reason no cancer-directed surgery: surgery, 2) Radia-
tion recode: radiation, and 3) Chemotherapy recode: chemotherapy
output: Performed and recommended treatment fields.
if surgery = ”Surgery performed” then
surgeryPer formed < True
surgeryRecommended < True
else if surgery = ”Recommended but not performed, patient refused” or ” Recommended
but not performed, unknown reason” then
surgeryPer formed < False
surgeryRecommended < True
else
surgeryPer formed < False
surgeryRecommended < False
end if
if radiation = ”None/unknown” then
radiationPer formed < False
radiation Recommended < False
else
radiationPer formed < True
radiation Recommended <+ True
end if
if chemotherapy = ”Yes” then
chemotherapyPer formed < True
chemotherapy Recommended < True
else
chemotherapyPer formed < False
chemotherapyRecommended < False
end if

Then, we performed feature engineering steps on the treatment fields to create abstract
treatment fields to be used in training and testing our survival-based treatment planning
framework. Since some of the three original treatment fields have a wide range of values
and some of these values indicate that a treatment is recommended but not performed,
we prepared three features indicating whether or not a treatment was recommended and
another three features indicating whether or not a treatment was performed. We call these
features: performed treatment fields and recommended treatment fields, respectively, until
the end of this chapter. The performed treatment fields are employed in training and testing
our survival prediction models, whereas the recommended treatment fields are intended to
evaluate the accuracy of the treatment plans recommended by our framework. Algorithm 3
explains how different treatment fields were mapped to the corresponding engineered fields.
In the next section, we explain how these attributes are used to develop and evaluate our

proposed system. Our final preprocessed dataset included 376,766 instances, and they were
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split to training and testing subsets based on the year of diagnosis similar to chapter 4.

5.4 Methodology

In this section, we describe our proposed methods for cancer treatment recommendation
using survival prediction ML models. We designed a treatment planning system using our
stage-specific survival prediction models to provide treatment recommendations ranked by
their survivability outcomes. In Figure 5.2, we show the pipeline we followed to design
our survival-based treatment planning system, including the development, inference and

evaluation phases.

5.4.1 Development

First, in the training phase, the survival prediction models are developed using our training
dataset extracted from the SEER Research Plus data. Although our proposed stage-specific
survival prediction framework proved to outperform other traditional frameworks for breast
cancer survival estimation in Chapter 4, we still need to ensure that this behavior holds
after including the performed-treatment fields. In other words, before directly plugging the
proposed survival prediction system we need to make sure that it is the best-performing
model with the new set of treatment-inclusive features. Moreover, we aim to investigate how
the inclusion of treatment information affects survival prediction performance in different
frameworks (i.e., whether or not there is a performance gain from including these features).

Therefore, we re-run our previously-performed experiments after including the performed-
treatment fields prepared in the preprocessing step based on the treatment information pro-
vided by the SEER Research Plus data, as shown in section 5.3.2. We adopted the same
workflow used in Chapter 4 to develop different frameworks for survival prediction with the
same fine-tuning techniques. However, we only incorporated cost-sensitive learning as our
balancing technique since it proved to be the most efficient method in all stages. We experi-
mented with applying stage-specific models as well as joint models in the classification step.
Then, we trained and tested three different types of regression systems: one-step joint,
one-step stage-specific, two-step stage-specific. We evaluated the results using the same
evaluation metrics as the previous chapter to compare the survival prediction performance
with and without treatment information.

In addition to that, the training set is also used in the development phase to prepare a
list of all valid combinations of the three performed treatment fields that were used with
training instances. This is done to avoid considering invalid combinations of treatment
methods that are not used in real life. For demonstration purposes, let’s assume that the
valid options of treatment plans are four plans named A, B, C and D, as shown in 5.2.

This list is passed to the inference phase to be used in the decision-making process. In
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our training dataset, there were eight different combinations of treatment methods used
with patients in different stages of breast cancer. Hence, our predefined list included eight

treatment plans.
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Figure 5.2: Different phases of the designing process of our proposed survival-based treat-
ment planning system.

5.4.2 Inference

To predict the treatment plan that has the best prognostic outcome for a test patient, we
employ this patient’s clinical data and consider the treatment fields as variables. Then, the
predefined list of treatment options, prepared in the previous phase, is used, where each
plan option in the list is combined with the test patient’s data to be passed as input to the
survival prediction model. For example, for the four valid plans shown in Figure 2.2, the
survivability model is applied four times on the patient’s data, each time with a different set
of values inserted in the corresponding performed-treatment fields for this patient. In each
inference run, the survival prediction model estimates an answer to the following question:
” Assuming that this treatment plan is used with this particular patient, how long will this
patient live?”. These four inference runs result in four survival estimates, one for each plan.
The plans are then ranked based on their survival outcomes and displayed associated with
their estimated survival months to aid the medical professional in making the final decision.

In addition to that, our survival prediction models provide additional output attributes
related to the model decision-making process, along with the survival months predicted

for a certain plan. This is intended to improve the transparency of the CDS outcomes for



74

clinicians and help them understand how the model arrived at a particular decision. We
used the Random Forest’s explanation attributes, namely, the decision path and feature
importance, for this purpose. We show examples of the provided outputs in the results

section.

5.4.3 Evaluation

In order to evaluate the accuracy of our survival-based treatment planning system, we
employ the recommended-treatment fields prepared in the data preprocessing step from the
SEER Research Plus data, as shown in section 5.3.2. For each test instance, we first compare
all the values in the surgery, radiation and chemotherapy fields of the first-recommended
plan generated by our system with the corresponding fields in the actual recommended
treatment plans in the test dataset. If all the values are the same, we consider the system-
recommended first plan as correct. Then, we follow the same steps to evaluate the accuracy
of the second recommended plan to determine how close the automated recommendations
are to the expert-recommended plans for all test patients. This also aims to evaluate
whether or not considering more than one plan as the recommended output of the CDS
system helps improve the reliability of the automated recommendation. Finally, to analyze
the performance in different stages, we calculate the accuracy of our treatment planning
system for test patients diagnosed with breast cancer in localized, regional and distant

stages separately.

5.5 Results and Discussion

In this section, we first evaluate different classification frameworks and different regression
frameworks when applying them to the SEER Plus data that includes treatment features
in order to 1) check if it matches the results from the previous experiments and 2) evalu-
ate the performance gain by including the treatment information. Then, we examine the
performance of the treatment planning system in inference time by comparing its output
with the treatment recommended for a patient. Finally, we present examples of the visual

explanations provided for the predictions made by our proposed system.

5.5.1 Survival Prediction

First, to examine the performance of each of the different frameworks for survival classifica-
tion, we present their results in table 5.2. We can see that stage-specific models still prove
superior to joint models in performing survival classification after adding the treatment
features in both localized and distant subgroups while achieving almost the same results

for the regional-stage test instances. This aligns with the trend observed in the previous
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chapter, where similar findings were reported in table 4.3. The reason we considered the
macro-average F'1 Score as the main evaluation metric for the survival classification step is
that the dataset is significantly imbalanced, and the accuracy can be misleading, as shown
in the results. The F1 score serves as a real-number evaluation metric that measures the
harmonic average of both recall and precision. The precision metric indicates the percentage
of positive identifications that were actually correct, whereas the recall measures the rate
at which the positive instances were correctly classified. By calculating the macro-average
F1-score, the precision and recall of both the majority and minority classes are equally eval-
uated, which can efficiently indicate how well the model predicts the overall survivability
for surviving and non-surviving patients. The results show that the stage-specific classifier

was able to outperform the stage-agnostic one with the SEER Research Plus data.

Table 5.2: Results for joint and stage-specific models with the use of treatment features
when applied to test instances of each of the three stages. Results are reported in terms of
the macro-average F1l-score and accuracy.

Metric Joint | Stage-specific

Fl-score | 0.552 0.579
Localized

Accuracy | 0.957 0.953

F1-score | 0.691 0.685
Regional

Accuracy | 0.824 0.839

F1l-score | 0.583 0.635
Distant

Accuracy | 0.695 0.678

As for the regression task, the averaged results obtained by the survival regression models
are compared when using different frameworks (i.e., 1-step joint, 1-step stage-specific, and 2-
step stage-specific) and with different sets of data attributes (i.e., SEER and SEER Plus)in
Figure 5.3. From the graph, it can be observed that similar to the classification task,
moving from joint modeling to stage-specific modeling also helped achieve better regression
results when applied to the new dataset (red graph). Moreover, adding the 2-step design
significantly lowered the rmse of the regression system. On the other hand, when we compare
these results with previous results obtained from the SEER data (plotted in blue), we can
see that the introduction of the treatment fields made a slight enhancement in the overall
performance of the regression models in both types of the 1-step system. However, it can
be noticed that no improvement was achieved by adding these attributes to the 2-step

regression framework. This observation may suggest that treatment attributes were an
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Figure 5.3: Survival prediction results using different frameworks, including the proposed
two-step stage-specific model when applied to the SEER data and the SEER Plus data.
Each line graph shows the regression results obtained by one framework in terms of root
mean square error (rmse). One marker on the line plot represents the rmse error resulting
from one of the three compared models when used with one of the two employed datasets.

addition to the survival estimation task only in learning patterns that differentiate between
prognostic outcomes of patients on a large scale, such as the case in the 1-step model, where
patients who are surviving for more than five years are combined with those who are not
surviving. On the other hand, in the two-step regression model, there was no additional
gain from those attributes when the learning instances were all from the same class (the

non-surviving class).

5.5.2 Treatment Planning

In this subsection, we show the evaluation results of the treatment planning system by com-
paring the outputs of the system with the expert-recommended treatment plans as explained
in section 5.4.3. The average results for applying the proposed system on the 82,300 patients

in our test dataset, are shown in Table 5.3. First, we can see that considering the first
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two plans significantly improved the accuracy of the system output for all stages of breast
cancer. The accuracy for the first two plans slightly varies among different stages, with the
highest two-plan accuracy achieved for localized-stage patients at a rate of 88.3%. On the
other hand, the recommendation accuracy of the first plan was the highest (63.4%) for pa-
tients diagnosed with regional-stage breast cancer. This can indicate that the survivability
outcomes of regional-stage patients are highly correlated with the recommended treatments
for these patients, which allowed the model to correctly predict these plans as they were
estimated to achieve the longest survival time. This was not the case with distant-stage
patients, where the treatment recommendation performance was only reasonable when the
first two plans were considered in calculating the accuracy. On average, we can conclude
that for around 84% of the test patients, the first two patient-specific plans recommended
by the system included a plan that was actually recommended by the medical professionals

for that patient.

Table 5.3: The average test accuracy of the first two treatment plans recommended by the
proposed survival-based treatment planning system for breast cancer patients. The results
are averaged over all patients in the test set and reported for different stages separately.

Stage First plan | First two plans
Localized | 59.62% 88.33%
Regional | 63.42% 80.64%

Distant 42.95% 84.71%

Since this work is believed to be the first to provide survival-based treatment planning
while considering multiple types of treatment options, we were not able to compare our
results with any previous work. However, it is clear from the results that the system’s
overall prediction accuracy is significantly higher than a "random guess” classifier accuracy,
which is estimated to be around 0.125 since we have eight possible classes (i.e., eight valid
treatment plans existing in our dataset). The accuracy is also higher by a huge margin than
the accuracy of a model that always predicts the majority treatment plan, which is 0.178
in our case.

To understand how employing stage-specific survival prediction was able to achieve
the above results, we analyzed the frequency of different treatments used with patients who
survived for more than 5 years at different stages of the disease. We found that the frequency
of different treatment approaches was greatly impacted by the stage at which the disease
was diagnosed. For example, as shown in Figure 5.4, the majority of localized-stage cancer
patients who survived were not reported to receive chemotherapy, whereas this was not

the case with both the regional and distant stages, where more than 73% of the surviving
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Localized Stage Regional Stage Distant Stage

No/Unknown

Yes Yes

75.9% 73.6%

No/Unknown No/Unknown

Yes

Figure 5.4: The frequency of using Chemotherapy with breast cancer patients who survived
for more than five years. The frequency is plotted for patients diagnosed at localized,
regional and distant summary stages.

patients received chemotherapy. This emphasizes that stage-specific models can be essential

to achieve better recommendation accuracy compared to stage-agnostic prediction models.

5.5.3 Explainability Via Visualization

In this subsection, we shed light on the explainability measures we employed in our system
to improve the transparency of the predicted outcomes. First, we provide a bar chart that
shows the importance of each feature in predicting the 5-year survivability of patients from
a certain stage. We used the Gini impurity-based importance in the Random Forest model,
which is computed as the normalized reduction of the classifier accuracy brought by that
feature [131]. The importance values are percentage values that add up to 1. For example,
figure 5.5 shows the importance of different features in the 5-year survivability classifier
trained on breast cancer patients from the distant stage. The figure shows that the tumor
size, age, and Lymph Node Ratio are the three most important features considered by the
distant-stage survivability classifier. This method provides a model-level explanation for the
survival results, which can help the clinician understand which attributes are considered
the most important by the CDS system.

Although the feature importance plot can give a human-like understanding of the model
in general, it does not provide a patient-specific explanation for the prediction made for
a certain patient. Therefore, we also provide a visual explanation for the decision path
followed by a decision tree in our model to predict the survival outcome of a specific patient.
This is done by randomly selecting and visualizing one of the decision trees in our RF
classifier that contributed to the output class (majority-voted) for a certain test instance.
Then, using the decision ‘path attribute provided by Scikit Learn, we highlight the tree nodes
that were visited by this test instance to arrive at the predicted 5-year survival outcome.

In figure 5.6, we show an example of a decision path for predicting the 5-year surviv-

ability of one patient from the distant stage. For demonstration purposes, we only employ
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Distant Stage Feature Importance

CS tumor size (2004-2015)

Age recode with <1 year olds

LNR

Regional nodes examined (1988+)

Year of diagnosis

Regional nodes positive (1988+)

PR Status Recode Breast Cancer (1990+)

Grade (thru 2017)

Feature Names

ER Status Recode Breast Cancer (1990+)
Breast - Adjusted AJCC 6th N (1988-2015)
surgery_performed

Breast - Adjusted AJCC 6th T (1988-2015)
radiation_performed

Breast - Adjusted AJCC 6th Stage (1988-2015)

Breast - Adjusted AJCC 6th M (1988-2015)

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16
Feature Importance

Figure 5.5: The proposed system for prognostic-based treatment planning using stage-
specific survival prediction models.

the top three important features in the distant-stage classifier identified from the feature
importance chart, along with the three treatment fields used in our analysis. Each node
contains information about the split condition, the number of training samples belonging
to each class, the Gini impurity, and the majority class at this node. In this example,
the decision path shows how this patient was predicted to survive for five years based on
their tumor size, age, Lymph Node Ratio (LNR) and no surgery performed. This explains
why the first two recommended treatment plans generated by the system did not include
performing surgery. This can help medical professionals decide which plan to proceed with
based on the rationale provided by the decision path and the number of surviving training
instances that shared similar features and followed the recommended treatment plan. It can
also help identify when the model goes against established medical knowledge by tracing

the decision path followed for a specific patient.

5.6 Summary

In conclusion, Computer-aided treatment recommendation for cancer is important to help
oncologists decide which treatment plan to follow with a specific patient. In this chapter, we

proposed a survival-based treatment planning system to provide patient-specific treatment
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recommendations based on the estimated prognostic outcomes. We employed the SEER
Plus dataset that provides treatment information for the female patients’ breast-cancer
incidence data in the US. First, we compared the different machine learning-based frameorks
developed to predict the survivability of breast cancer patients after including information
about the treatment history of the patients to ensure the superiority of the two-step stage-
specific prediction. Then, we proposed a new inference system for treatment planning that
receives different combinations of possible options coupled with patients’ clinical data to
generate a ranked list of recommended plans based on the predicted survival outcome of
each plan.

Based on the conducted experiments, first, it can be concluded that stage-specific mod-
elling performs better than the traditional models in performing survival classification and
regression regardless of the presence or absence of treatment information. Moreover, adding
the treatment features is found to generally enhance the performance of the predictive model
when estimating the number of survival months remaining for a patient. As for the pro-
posed treatment recommendation system, the results showed to be in favour of the designed
system as both the disease stage and prognostic outcome were shown to be highly correlated
with the treatment plan recommended by the medical practitioners for a specific patient.
This confirms the viability of using a stage-specific prognostic-based treatment planning
framework to provide detailed information about recommended treatment plans associated

with the projected prognosis.
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Chapter 6

Conclusions and Future Works

In this thesis, we address challenges existing in different components of Clinical Decision
Support systems that contribute to the lack of their trustworthiness. This chapter sum-
marizes the contributions of the dissertation work and manifests potential future research

directions.

6.1 Contributions

In this thesis, we present novel approaches to address challenges and research gaps in di-
agnostic, prognostic and treatment planning components of a CDS system to improve its
trustworthiness and make steps toward its integration into clinical practice. The breast
cancer use case is chosen as it is well-suited for different components of our analysis, and it
is the most prevalent cancer among women and the second leading cause of cancer death.

In Chapter 3, to address the problem of decaying resolution in traditional networks
used for medical image semantic segmentation in CAD systems, we propose a double-
dilated convolution module to preserve spatial resolution and improve the performance
of mass segmentation. We evaluate different loss functions to address the pixel-level class
imbalance problem in mammogram screenings. To overcome the lack of explainability in
existing segmentation networks, we employ and evaluate different explainability methods
and provide visualized explanations for the segmented outputs. Experimental analysis shows
the effectiveness of the proposed module in increasing the similarity score and reducing the
miss-detection rate.

In Chapter 4, to improve the precision of predicted survivability of breast cancer pa-
tients, we propose a new framework for survival prediction in CAP systems. We model
the survivability prediction task as a two-step problem and develop stage-specific models
to learn survivability patterns based on the stage at which the disease was diagnosed. We

investigate the impact of adopting different strategies for balancing techniques on model
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performance using breast cancer clinical data. Experimental results show that the two-step
stage-specific system enhances the overall performance of the survival estimation for breast
cancer patients. Moreover, evaluating the results for each summary stage separately re-
vealed the differences in performance between stages, confirming the need to address the
survivability problem for each stage separately.

In Chapter 5, to account for the prognostic role in treatment planning, we propose a
novel survival-based framework for treatment planning that employs prediction models de-
veloped for stage-specific survival estimation to determine the best possible treatment plans
based on the prognostic outcomes. The system predicts a ranked list of possible treatment
combinations based on their predicted survival outcomes to aid medical professionals in
making informed treatment decisions. Finally, we provide visualized explanations for the
predicted outcomes to ensure transparent decision-making.

Our experiments demonstrate that the proposed Al-enabled techniques have poten-
tial applications in future Clinical Decision Support Systems to assist clinicians in making

patient-specific assessments and treatment decisions.

6.2 Future Directions

In this sub-section, we conclude the thesis by shedding light on some possible future research

directions:

e We will experiment with adopting the proposed double-dilated convolution module in
large datasets with different medical image modalities to further verify its effectiveness
in performing different segmentation tasks. Also, the concept of multi-resolution
dilated convolution can be extended to develop an N-dilated convolution module which

employs a kernel with N sparsity factors on different scales.

e We intend to investigate the phenomenon of high false positive rates associated with
CAD systems in order to spare patients from the negative psychological impact and

unnecessary biopsies.

e We will consider investigating possible methods that can further improve the survival
time estimation accuracy. By utilizing feature selection methods, employing different
learning algorithms for different stages, and building hybrid deep neural networks, we

will systematically investigate how the model performance may further improve.

e We intend to study the development of an API that allows for seamless integration
with different EHR systems. We will also investigate employing federated learning

techniques to allow for efficient and private integration with healthcare systems.
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