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Abstract

There is a huge growth in the amount of data being generated in forms of tabular, text,
and image data. Machine Learning (ML) is a powerful paradigm to support the knowledge
discovery process from generated data to the knowledge that is useful in decision making. It
is paramount to have methods to find important features on different applications. To this
direction, this dissertation investigates four distinct problems related to exploring ML tasks
on predicting various types of data including text, image and table.

The first two problems concentrated around tabular data, have the overarching goal of
increasing Health-Related Quality of Life (HRQoL) used in treatment and care of prostate
cancer patients. Specifically, I first propose a Cluster-based method to particularly exploit
the most important features for the desired output. In the second problem, my objective is
to identify the minimal set of important features which can predict 1-year follow-up HRQoL
while adding interpretability to the proposed model. Using 5093 patients’ information with
“1500 measures, the results support the use of the proposed ML technique as an essential
tool in identifying predictable features and interpreting the findings.

The third study corresponds to using Natural Language Processing (NLP) to propose a
test case failure prediction approach for manual testing that can be used as a specification-
based heuristic for test selection, prioritization, and reduction. I show that a simple linear
regression model using the extracted NLP-based feature together with a typical history-
based feature can accurately predict the test cases’ failure in new releases. The comparison
of several proposed approaches on 41 releases of Mozilla Firefox over three projects, shows
that the NLP-based feature can improve the prediction models.

The last study focuses on image analysis for velocity picking in seismic data. Velocity
analysis is a time-consuming task which is mostly performed manually. I develop a novel
data-driven ensembling strategy for combining geophysical models with Convolutional Neural
Network (CNN), which uses spatiotemporally varying image data for training and predicting

purposes. We perform extensive experiments using nine field datasets and evidence better
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performance compared to current state-of-the-art method.
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Chapter 1

Introduction

1.1 Problem Formulations and Proposed Approaches

In real-world applications, data are commonly represented by tabular [50] data, text [84] and
images [29].

In this dissertation, I focus on employing predictive machine learning models to help
solve the following four real-world, data analysis problems; those are dimension reduction in
large healthcare platforms using tabular data analysis, explainable analytics for predictive
model in tabular data analysis, predicting manual test case failure using text analysis and
automatic velocity picking in seismic data using image analysis.

I first start by proposing a cluster-based random forest method for extracting important
features out of high-dimensional data, then I add longitudinality and interpretability to
the proposed model by investigating more feature exploitation method such as Bayesian
network. I could provide interpretable representations of the predicted model while keeping
the ability to have high performance. Further, with the attention to textuality of dataset in
the third study, I investigate feature exploitation techniques in the context of text analysis
such as TF-IDF, to improve the prediction of the outcome of interest. The last study, uses

locally connected features to explore effect of features extracted by Convolutional Neural



Network (CNN) on image data to improve prediction in outcome of interest which mainly

uses spatiotemporally varying image data for training and predicting purposes.

1.1.1 Dimension Reduction in Large Healthcare Platforms

Tremendous progress in data collection devices enables hosting vast data modalities in health
care. Electronic Health Records (EHRs) are commonly used in the diagnosis and manage-
ment of patients’ diseases. The Office of National Coordinator reported that EHRs have been
deployed in more than 95% of hospitals in the United States in 2016 [109]. The interpretation
of structured information from EHRs can guide clinical care.

Patient-reported outcomes (PROs) is one example of data that is potentially useful for
providing care for patients. PROs can be used to measure HRQOL and monitor symptom
severity, which can be used to improve patient care [8][65] and facilitate patient-provider
communication [160].

The increasing availability of data in health care has made the need for developing ma-
chine learning methods to extract the information and features from the big data a necessity.
However, it is usually very difficult to extract useful information from EHRs because the na-
ture of EHR data is highly dimensional. High-dimensional medical datasets present many
mathematical challenges and have given impressive rise to new theoretical developments
[16]. One of the problems with high-dimensional datasets is that, specifically in medical
cases, not all the measured variables are important for understanding and predicting the
phenomena of interest. Although various recent works have been proposed novel methods
with high accuracy from high-dimensional data [15], in health care, it is still of interest to
reduce the dimension of the original data to only those that have more contribution in case
of the desired output prior to any modeling of the data. The task of dimension reduction is
necessary to find specific variables out of all records related to a person considering a specific
desired output. In these cases, however, the dimension reduction can be very complex due to

the large number of dimensions, incomplete data, and multiple ways to represent the same



information.

In this study, I propose a parallel processing technical approach in which the unsupervised
and supervised learning are combined to decrease the overall error for predicting HRQOL
using diagnostic, clinical, and PRO data by reducing the number of dimensions to the most

important features from big health care data.

1.1.2 Explainable Analytics for Predictive Model

According to the World Health Organization (WHO) [112], prostate cancer (PCa) is the
second most prevalent cancer in men, with 1.3 million cases per year worldwide [167]. There
are a variety of modalities for treating PCa, including: surgery, radiotherapy, chemotherapy;,
hormone therapy, and active surveillance. All of these treatments are associated with risks for
potential side effects [90] that can have negative consequences for patients’ Health-Related
Quality of Life (HRQoL). HRQoL outcomes have emerged as a major consideration when
making treatment decisions for PCa given that the 5-year survival rate for most men with
local or regional prostate cancer is nearly 100% [94]. Thus, being able to predict (we use
both predict and estimate terms interchangeably, although predict is often equated with clas-
sification prediction not regression) patients’ HRQoL prior to treatment would presumably
help patients make an informed decisions. Therefore, we need accurate prognostic informa-
tion about patients’ future HRQoL prior to treatment. To achieve this goal, I either need
clinician judges or predictive models. According to several studies [75][162], clinicians are
often poor judges of future patient outcomes while predictive models perform significantly
better.

Developing predictive models for post-PCa treatment (henceforth post-treatment) HRQoL
poses several challenges. For one, the causes of HRQoL dysfunction (e.g. urinary inconti-
nence and erectile dysfunction) are multi-factorial [97][35] which complicates the development
of predictive models. Besides being multi-factorial, modeling HRQoL outcomes is also chal-

lenging because of the longitudinal data sets. Among the numerous techniques that are used



to create predictive models [108], regression-based methods are the most popular because of
their commonality in many statistical software packages and being relatively fast to perform.
However, when it comes to big data analysis, the regression-based methods may not have
enough appropriate validation in terms of accuracy and speed. Therefore, having a variable
extraction/selection method that can identify the influential variables out of big data set is
necessary. Furthermore, most of the research studies, to-date, predicting HRQoL do so at
the population-level and present results based on the entire observation group. However,
patients require individual-level prediction models in order to make treatment decisions. In
other words, variables marked with high global importance may not be relevant to predict
an individual’s risk for negative side effects.

Despite the fact that such complex (black-box) prediction models, are able to achieve
high validation result (R-squared in this study), they lack an explanation of the prediction
outcome. In May 2018, General Data Protection Regulation (GDPR) requested industries to
have a meaningful way to explain any automated decision and after that the interpretability
of machine learning models has been receiving huge attention. Noteworthy is that when using
predictive analytics in critical domains such as predicting HRQoL outcomes in prostate can-
cer patients, the explanation power is noticeably more important than the model predictive
power.

Despite a variety of clinical interpretation approaches having been explored [168], no
work has yet explored the potential of Bayesian Networks (BNs) as a explanation framework
to be used on top of Black-box prediction. Bayesian networks [116] which typically reflect
the problem structure, can be used to generate explanations of the predictions we already
have. To the best of my knowledge, this is the first study to use variable extraction on
cluster-based population that can predict the 1-year HRQoL outcomes prior to treatment as
a regression prediction not only classification prediction and the first to create the insight

into prediction method using Bayesian networks for PCa patients.



1.1.3 Predicting Manual Test Case Failure

Software testing is a time-consuming and costly activity in the software development life
cycle. Automation is a promising solution to decrease the cost of testing and increase the
quality of the testing process. Test automation can be applied on several testing problems
such as test data/case generation, test prioritization, test execution, and test repair. Most
of the existing test automation techniques rely on metrics that are extracted either from
source code (e.g., code coverage [127]) or specification models (e.g., UML state machines
[73][127]) of the software under tests (SUT). However, a large body of testing in practice is
done manually. Such test cases are written in natural languages. They describe a scenario to
follow on the GUI of the SUT. A typical example of such manual testing is system acceptance
testing were the ready-to-ship features are being verified by the manual testers.

Manual testing is specifically interesting, from the automation point of view, because it
is one of the most expensive type of testing that requires a human to judge the pass/fail
results for every single run of the test cases. This might be still manageable for small
systems with limited number of manual test cases, but when the system size grows, running
all manual test cases for every feature change will not be possible within the time limits.
The time limitation becomes more serious when the development team follows a rapid release
(continuous delivery) practice.

“Test case failure prediction” refers to approaches that estimate the likelihood of a test
case execution failure. These predictions then can be used in deciding what portion of
existing test cases to run if we have a limited budget (test selection). Or in which order
should we run test cases to catch defects sooner (test prioritization). Most of test prediction
research studies rely on various traditional software metrics, on the code or specification-
level, e.g., LOC, complexity, churn, etc. [43] [102]. However, in the context of manual
acceptance testing, typically, these artifacts are either not accessible or not linkable to the
manual test cases (e.g., a manual acceptance test on the GUI-level is not easily traceable to

the underling source code). Therefore, in this work I are exploring other measures for test



case failure prediction that do not require software’s source code or specification /requirement
documents.

One of the best measures that do not need any source code or specification/requirement
documents is historical execution result of a test case. There are many studies [37][106],
specially in the context of regression testing, which demonstrate that the previous failure of
a test case is a very good indicator of its future failure. For example, hemmati et.al. [62],
have investigated a history-based technique for prioritizing manual test cases and showed
that the history-based approach was by far better than a text analytics-based approach
that would only get the textual test case instructions as the input. Their finding is not a
surprise, given the extra information (the knowledge about pass or failure of the test cases
from previous releases) that the history-based approach has access to, compared to a pure
text-based prioritization.

In this study, I propose a feature that extracts some GUI-related information per test case
using Natural Language Processing (NLP) and Information Retrieval (IR) methods. The
feature is based on the frequency of covering different elements of the GUI in the manual
test scripts. I show that a simple linear regression model using the extracted NLP /IR-based
feature and a typical history-based feature (previous test execution results) can accurately
predict the test cases’ failure in new releases. This information is useful for test managers

to effectively assign their testing effort.

1.1.4 Automatic Velocity Picking in Seismic Data

To perform seismic imaging, we have to build subsurface velocity model in the whole depth
domain, by figuring out near-surface velocity. Due to complex layers of the surface topogra-
phy, building a high-quality velocity model remains one of the biggest challenges in seismic
data processing. Even with the state-of-the-art technology and rapidly increasing modern
software, velocity analysis is still considered as a time-consuming task in the seismic data

processing. The process of velocity picking can easily take up months to complete since it



requires a processor to manually picks a geologically appropriate stacking velocity from the
semblance to initialize the process from prior knowledge [104] [153]. To perform the velocity
picking, experts use a technique called velocity spectrum [153], in which signal coherence
is evaluated in a semblance panel. Semblance panel is a graph of velocity versus two-way
zero offset traveltime. They need to determine the anomalies, remove inconsistencies, split
the gather in small time windows and compute the signal coherence for different velocity
values. The expert then is able to pick the best velocity that leads to the highest coherence
values for each time window. All these processes involve experts to visually examine the
data, leading to such a time-consuming task in the seismic data processing workflow.

With the improvement of Artificial Intelligence (Al) in every facet of our life [163] [111],
many studies have likewise been conducted to automate velocity analysis by using Al and
particularly Machine Learning (ML). Other aspects of seismic processing workflow have
also seen considerable attention in using Al such as first arrival picking [158] [173], fault
classification [171] and denoising [86].

Artificial neural networks (Nonconvolutional) are amongst the first methods suggested
for velocity analysis [139] [45] [18]. All these models are using shallow neural networks and as
explained in [115], neural networks with many layers (deep) consistently outperform shallow
ones on a variety of tasks and datasets [69] [54].

Automatic velocity picking using clustering algorithms has also seen some investigations
from K-means [166] [23] to the most recent one DBSCAN [12]. These clustering approaches
rely on selecting the semblance peaks in the velocity spectrum as a coherency measure to
generate the velocity functions. The studies using K-means do not report a numerical com-
parison or quantitative analysis with human expert velocity pick. In the case of DBSCAN,
although the comparison results is provided, the used data is only synthetic data. Few meth-
ods focus on using genetic algorithm and simulated annealing (SA) to solve this problem
[71] [72] in which comparison performed by the authors show a high deviation on a sample

data.



To address the problem of automatic velocity picking, there has been a recent push to use
significantly improved abilities [82] of deep neural network or deep learning. For example,
studies of using Recurrent neural networks (RNN) [13] and long short-term memory (LSTM)
[176] are carried out to address this problem. However, given that the nature of this problem
needs expert vision attention and image processing on one hand, and the superiority of
convolutional neural network (CNN) in extracting features from images on the other hand,
the state-of-the-art velocity piking methods are based on CNN [44] [114]. Ferreira et al. [44]
applies an initial velocity picking on semblance and then refines it using CNN. The proposed
CNN, however, need both gather image and semblance image along with the true velocities
for training. Besides that, they use only one of the existing CNN architecture without having
any comparison with other CNN architectures.

Our work is most closely related to the work of Park and Sacchi [114]. The problems men-
tioned in the previous work are addressed in Park and Sacchi’s study [114]. However, their
method only focuses on the results of the CNN, without considering the existing geophysical
knowledge about the problem. In contrast, the geophysical knowledge is one of the main
steps in our hybrid method where it refines the CNN prediction results. Furthermore, their
work outputs regions of velocities as a number in range 2000m/s and 4000m/s, whereas our
proposed method has the coverage on a wider range of velocities (from 1500m/s to 6000m/s)

that includes all the real-world rock velocities.

1.2 Publications

The progress of this research has been presented in the following publications:

1) F. Sharifi, E. Mohammed, RT. Crump, B. Far. “A Cluster-Based Machine Learning
Model for Large Healthcare Data Analysis” The 5th International Conference on Big Data

Innovations and Applications (Innovate-Data), 2019, Istanbul, Turkey; Acceptance Rate
24%. [Part of Chapter 3 of Thesis]



2) F. Sharifi, H. Hemmati, “Investigating NLP-based Approaches for Predicting Manual

7

Test Case Failure” 11th IEEE International Conference on Software Testing, Verification
and Validation (ICST), 2018. Visteras, Sweden; Acceptance Rate 24.8%. [Part of Chapter

5 of Thesis]

3) F. Sharifi, EA. Mohammed, RT. Crump, B. Far. “Explainable Analytics to Predict the
Quality of Life in Patients with Prostate Cancer from Longitudinal Data” Applied Artificial

Intelligence, 2020 (To be submitted). [Part of Chapter 4 of Thesis]

4) F. Sharifi, D. Quinn, G. Schlosser, EA. Mohammed, B. Far. “A Hybrid Geophysical
Model with Convolutional Neural Network for Automatic Velocity Picking in Seismic Data”
IEEE TRANSACTIONS on geoscience and remote sensing, 2021 (To be submitted). [Part

of Chapter 6 of Thesis]

5) F. Sharifi, RT. Crump, EA. Mohammed, B. Far. “Using Machine Learning to Predict
the Patient-Reported Outcomes of Patients with Prostate Cancer” (abstract), accepted for
presentation in “A Catalyst for Whole-Person Cancer Care (CANPROs)”, 2019, Calgary,
Alberta, Canada. [Part of Chapter 3 of Thesis]

6) F. Sharifi, RT. Crump, EA. Mohammed, B. Far. “Using machine learning to predict
post-prostate cancer treatment quality-of-life at the Prostate Cancer Centre in Alberta” (ab-
stract), accepted for presentation in “Alberta Prostate Cancer Research Initiative (APCaRI)

Fall Symposium”, 2019, Banff, Alberta, Canada. [Part of Chapter 4 of Thesis|

7) F. Sharifi, H. Hemmati. “An NLP-based Neural Network for Predicting Manual Test
Case Failure” (poster). Consortium for Software Engineering Research (CSER) 2016 Fall
Meeting, Torento, ON, Canada. [Part of Chapter 5 of Thesis]



8) F. Sharifi, RT. Crump, EA. Mohammed, B. Far. “Patient Reported Outcome Analy-
sis with Machine Learning-Provides Predictive Information for EPIC-26 Values in Prostate
Cancer” (poster). 20th Annual Alberta Biomedical Engineering (AB BME) Conference,
2019, Banff, Alberta, Canada. [Part of Chapter 3 of Thesis]

The other papers that I have published during my PhD studies are:

9) I. Rontu, M. Moshirpour, S. Goli, F. Sharifi, E. Mohammadi. “Framework for Teaching
Parallel Flipped Classrooms” Canadian Engineering Education Association (CEEA /ACEG),

2019, Ottawa, Ontario, Canada.

10) R. Paul, M. Moshirpour, E. Marasco, SA. Goli, E. Mohammadi, F. Sharifi. “Collab-
orative Autoethnographic Study of a Large-Scale Flipped Classroom Implementation with
Multiple Instructors” American Society for Engineering Education (ASEE), 126th annual

conference and exposition, 2019, TAMPA, FL; Acceptance Rate 22.5%.

1.3 Gaps in Existing Approaches

This thesis attempts to fill the gaps in existing research concerning the data preparation in
the context of tabular data, text and image datasets. First, I discuss the gaps in existing
research in this section and how this thesis contributes to the existing literature in the fields
is explained in the next Section (i.e. Section 1.4).

After conducting research on dimension reduction in large healthcare platforms for pre-
dicting HRQoL in prostate cancer patients, it has become evident that the existing literature
about the topic has the following limitations:

e Not including PROs data as predictor.

e They are in population level and overlook the unsatisfied responses which are in mi-

nority group.
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e They are classification not Regression.

e Not predicting all the domains in EPIC-26.

There is also an existing gap in literature about the explainability power of the proposed
predictive models for HRQoL in prostate cancer patients in the previous study. Most of the
approaches suffer from the following limitations:

e No work on extracting influential baseline visit features on 1-year follow-up HRQoL

output.

e They lack an explanation of the prediction outcome.

e Unable to analyze what-if scenarios in individual level.

Another area of the focus in this thesis is exploiting textual features for predicting manual
test case failure. Current literature presents following research problems and challenges in
this area of study:

e Most of the existing test case failure prediction techniques are based on the code
coverage or requirement coverage which are not usually available in manual acceptance
testing.

e No important work on extracting GUI-elements from test case text.

e A few that are based on NLP do not improve the baseline history based approach.

Considering the last study of the thesis, it appears that there are two main research gaps
when it comes to automatic velocity picking in seismic data which are:

e They do not cover all the range of real world rock velocities. Their coverage is on a

small range of velocities which is not enough for most of the real world fields.

e They only focus on the results of the CNN, without considering the existing geophysical

knowledge about the problem.
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1.4 Research Contributions

I first describe the findings and contributions pertinent to the first research problem. To the
best of my knowledge, this work is the first that proposes to do supervised learning on top
of unsupervised learning in high-dimensional semi-structured patient survey data to extract
the most important features for EPIC-26 values which can predict it with high coefficient of
correlation between predicted and observed values. This study has three main contributions.
In the first place, extracting minimal features with the highest possible prediction power out
of more than 1500 features for each domain in EPIC-26. Secondly, estimating the actual
value of the EPIC-26 on the patients (i.e. a continuous number between 0 and 100) not only
the classification (i.e. Yes or No for patient satisfaction). And finally, Conducting a large-
scale empirical study on a real-word health care dataset with 5093 patients. The details of
all the methods and tools used in this thesis is provided in Section 3.3.

To address the second research problem, I will first explain three main limitations in the
most of the existing approaches: 1) Using population-level data set for training the model
and presenting the results based on the entire observation group. However, the model should
consider patients in minority group as well. Otherwise, it might underestimate the variables
that affect the similar patients which are in relatively small group but with similar output. 2)
Developing black-box machine learning models which are not interpretable that contribute
negatively toward establishing trust and confidence in their predictions for stakeholders. 3)
They usually only consider two domains of HRQoL, mostly urinary incontinence and sexual
dysfunction. To the best of our knowledge, there are no previous studies that address the
problem of estimating a more comprehensive set of side effects, such as bowel and hormonal
domains. Therefore, the objective of this study is to propose an approach that fills the
gap in research on predicting post-treatment HRQoL for patients with prostate cancer while
maintaining the interpretability of the model so that patients and physicians can understand
the decisions made by the proposed prediction model.

Given our objective, in the second study, I present a framework to predict and interpret

12



post-treatment (1-year follow-up) HRQoL outcomes for PCa patients out of high dimensional
data set. I utilized the k-means algorithm [91] [74] to put similar patients in the same
clusters and avoid fitting the model on the entire training data. In the next step, I used
Deep Neural Networks (DNNs) [124] to fit each cluster separately and identify the most
influential variables in each cluster. This will prevent underestimation of any small group
of similar patients which might have same influential variables. Furthermore, I develop
a combined Bayesian network method to provide interpretation of prediction model for a
variety of HRQoL domains. After aggregating the top results for the patient groups, our
results provide insightful recommendations for improving patient experiences.

The third study introduces a text mining-based approach for manual test case failure
prediction that improves accuracy of the traditional history-based predictions. The test
cases in manual testing are written in natural language. Therefore, the objective of the new
metric is extracting some knowledge (features) from the test scripts, which represent the
test cases coverage on the GUI. Using these feature vectors, as inputs of prediction models,
helps improving the accuracy of traditional history-based approaches, where each test case
is represented just by an ID (no feature is mined). Our proposed features are mined using
a simple NLP technique, called Part of Speech Tagging (POS) [156], to extract nouns in
test cases (as estimates of GUI elements) and then weighting them using a Term Frequency
Inverse Document Frequency (TF-IDF) [135] metric.

We have conducted an extensive experiment with manual test cases of Mozilla Firefox’s
Desktop, Mobile, and Tablet projects with 13, 14 and 14 releases, respectively.

The contributions of this study are as follows:

e Using a text mining technique (POS) to extract a feature to estimate GUI elements’

coverage in manual test cases.

e Using an information retrieval metric, TF-IDF, to build a prediction measure, based

on the extracted features.

e Empirically investigating the effect of the NLP-based features, historical data, and
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prediction models on the predictions accuracy.
e Conducting a large-scale empirical study on a real-word software system with over

23,085 test cases and 2,457 real bugs.

1.5 Thesis Organization

The remainder of this thesis is outlined as follows. Chapter 2 provides the details of core
concepts used in this thesis. Chapter 3 presents the results of an in-depth analysis of a cluster-
based machine learning model hosting a large healthcare tabular data analysis. Chapter 4
extends the previous work and describe how I implement explainable analytics for previous
predictive model and add longitudinality to the feature extraction. Chapter 5 focuses on
explaining text-mining based feature exploitation method used for predicting manual test
case failure. Chapter 6 broaden the previous research by including locally-connected fea-
tures to automatic velocity picking in seismic data using image analysis. Finally, Chapter 7

summarizes my research and discusses future work. A schematic diagram representing the

organization of this thesis is provided in Figure 1.1

Core: Feature Exploitation Framework

Data Prepration for Predictive Models Chapter 1, Chapter 2

Figure 1.1: Schematic diagram of thesis organization.
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Chapter 2

Background and Related Work

The main purpose of this background and literature review chapter is to provide the necessary
background information and related work pertaining to this thesis. Section 2.1 explains the
concept of patient survey data, clustering and some of existing dimension reduction and
prediction techniques in tabular data which are parts of the proposed methods in chapters
3 and 4. Section 2.2 starts with explaining history on test case prediction and continues to
demonstrate natural language processing used as core techniques in 5. Section 2.3 discuss
deep learning model and geophysical-base equation proposed in literature which are helpful

in the last part of the study.

2.1 Dimension Reduction in Patient Survey Data and
Explainable Analytics

In this section I explore several machine-learning and data mining algorithms that have been
used in proposed patient survey data analysis. First, I start with overall introduction of the
work. Second, I continue with explaining the patient survey data concept and the ethos
of machine learning in patient survey data. Finally, a brief overview of different machine

learning methods applied for dimension reduction, prediction, clustering and explainable
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analytics will be presented.
It should be pointed out that the areas such as medical image analysis tasks in medical
aspects and bioinformatics along with computational biology which are out of the scope than

the present thesis are not discussed in this section.

2.1.1 A History of HRQoL Prediction in Prostate Cancer Patients

According to the Canadian Cancer Society, prostate cancer (PCa) is the most common
cancer diagnosis in men - 1 in 8 men will be diagnosed with the disease in their lifetime,
or approximately 21,500 per year [19]. These men face a decision about their treatment.
Surgery, radiation, chemotherapy, and active surveillance are all options. All of these options
are associated with risks for potential benefits and harms. Some of the risks of harm can
have dramatic consequences on a man’s quality-of-life [96][68][79] and result in an increased
use in healthcare services [149].

The scientific and clinical evidence as to the “best” PCa treatment option is equivocal [6].
Consequently, it is advocated that the choice of treatment concord with men’s preferences for
risks[6] [7][113]. This can be achieved through a process of shared decision making between
the man, his family, and healthcare providers [88]. To facilitate this process, men must be
informed about their options and the associated risks. This is best done through patient
decision aids (PtDAs), which not only provide men with balanced information but also elicit
their preferences and highlight areas of cognitive dissonance [147].

Conventionally, PtDAs have been disseminated through static, one-way technologies (e.g.,
DVD with accompanying user guide)[147]. More recently, some PtDAs have enabled two-way
interactions. These newer PtDAs allow the user to input personal characteristics based upon
which the information provided is tailored to their unique circumstances. However, these
characteristics are often very basic, such as age, gender, or race. I have not been able to find
a PtDA published in the peer-reviewed literature that incorporates clinical information or

Patient-Reported Outcomes to provide highly personalized predictions.
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The following literature successfully applied machine learning techniques to make pre-
dictions on HRQoL, in the context of prostate cancer, from various domains ranging from
urinary incontinence [138] [155][55] [126] [132], sexual [76], fecal incontinence [27] [20] [126],
rectal bleeding [27] [126], etc. and methodologies from different regression-based models
(Multivariate logistic regression [126] [132], Binary logistic regression [76] [55]), artificial
neural network [20], etc. Summary of papers describing predicting tools relating to PROs
(September 2016 — July 2019) are shown in Table 2.1. Table 2.2 lists the models for predic-
tive tools in PROs and their explanations. The literature explained here is the extension of
two main surveys that introduce the existing approaches in the literature in more details.
The first one [108] covers July 2007 to September 2016 and the second one [141] explores
papers prior to July 2007.

The objective of this study was to develop personalized predictive risk models for post-
PCa treatment PROs. By using Canadian-specific data, it is expected that I can overcome
the limitations of existing predictive models. By doing so, I anticipate to be able to use these
models in modernized PtDAs that will inform patients about their PCa risk factors so that

they may make better decisions with respect to the treatment option that is best for them.
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2.1.2 Patient Survey Data Concept

The concept of Patient Survey Data stretches back, notably, to the Institute of Medicine’s
(IOM) 2001 Crossing the Quality Chasm report [170], and has been the subject of consid-
erable Patient-centered care healthcare going forward [134], but its most widespread appli-
cation to healthcare system is rooted in the implementation of the electronic health record
systems in the United States. Despite the fact that, the EHR was designed, at the first place,
to document patients’ care for reimbursement, a need for secondary use of the accumulated
data raised to serve as a platform for research. This collected EHR data, coupled with other
health-related data, is a strong potential platform on which useful information can be ex-
tracted. However, it is a multidisciplinary field in which there are various sciences such as
medicine, computer science, statistics, software engineering, data science, nursing, etc. Using
Information Technologies (ITs), electronic related health systems collect information from
all healthcare domains and then using computer science combined with medical knowledge,
the collected data will be analyzed to improve patients’ quality of care which is the main
goal of data analysis in health [67].

The sources of healthcare data are as follows:

(a) Electronic Health Record: EHRs are longitudinal data which are collected electroni-
cally and are related to the health of or healthcare provided to an individual [4]. Tt
collects, stores, and displays information such as laboratory and radiology test results,
demographics, past and active medical history, immunizations, allergies, progress notes,
medications, vital signs, pathology reports, and documents related to administration
and finance. EHRs were used both in hospitals [98] [148] and in general practice [36]
[105], [110] [120] [164] [118].

(b) Electronic medical record (EMR): EMRs are not identical to EHRs and usually pertain
to a single practice’s digital version of a patient’s chart. An EMR contains the patient’s

information created by a particular physician or care provider.
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(c) Personal Health Record (PHR): It is a subset of EHR in which includes medical history,

laboratory results, and medications [39].

(d) Patient registry: It is an organized system maintained by health care organizations
on their own patients to collect uniform data (clinical and other) to evaluate specified

outcomes for the patients defined by a particular disease. Patient registries are often

linked to the EHR [51].

Types of Patient survey Data: Patients survey Data are mainly comprised of 3 types
of data 1) structured data, such as laboratory instrument readings, medications, demographic
data (e.g., age, ethnicity), social information (e.g. alcohol usage), electronic accounting
and billings and so on [41]. 2) unstructured data, including office medical records, MRI,
CT, clinical notes (e.g. radiology report, surgical note), paper prescriptions, etc [22]. 3)
semistructured data, which are a combination of structured and unstructured data. The
primary data type used in this study, is the semistructured data format. This format is
mainly flow sheets where their interface is like structured data as they have the columns for
the attributes and the rows for the participants. However, the value field consists of one
of the following 3 parameters. First, a quantitative value, e.g. age. Second, a qualitative
value which has been restricted to a set of values. For example, the Alberta Prostate Cancer
Research Initiative (APCaRI) [3] survey study has a column for the question “Which of the
following best describes your urinary control during the last 4 weeks?” and the answers take
the values of “1, No urinary control”, “2, Frequent dribbling”, ”3, Occasionally dribbling”
or “4, Total control”. Third, they can be used to pull together a description of specific
phenomena in the text format. For instance, in APCaRI data set the answer for “Cause of
death” is stored as text format such as “Adenocarcinoma of the prostate with metastatic

disease to bone and lymph nodes.”
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2.1.3 The Ethos of Machine Learning in Patient Survey Data

Machine learning has impressive impact in analysis healthcare data. However, most of the
potential quality of care improvement is still in its infancy, because predictive modeling and

simulation techniques for analyzing healthcare data have not yet been adequately developed.

Big Data in Health

“big data” as a term, first time, was used by Michael Cox and David Ellsworth in 1997
[25]. Around 10 years later, although technology was improved to produce large amounts of
data, the amount of useful information was comparably less. In early 2000s, big data was
developed considerably. A great deal of big data has first been devoted to identifying the
content of its so-called 3Vs, volume, velocity, and variety. Moreover, the way in which the
software development (such as database management systems, Extensible Markup Language
(XML) and recently Spark and Hadoop) has increased, reflected in great attention towards
the big data analysis in all areas including healthcare. Collecting and aggregating the clinical
data in huge electronic databases were the first steps to make health data storable, reusable,
and searchable to help the healthcare providers in practicing more data-based treatment.
In recent years, many researchers have tried to investigate the use of big data techniques
and tools computationally [172] [66] [87] and biomedically [41] [30] [169] [121]. Quality
of healthcare offered to patients can be considerably improved by managing big data in
healthcare. Big data not only promises to decrease the cost of care and improve treatments,
but also can help doctors and physicians to make personalized decisions. Considering the
recent definition of big data which delineate it as high-volume, high-velocity and high-variety
information assets requiring cost-effective and innovative forms of information processing for
decision-making [48], healthcare data definitely falls into the scope of big data. After the
breakthrough in the big data computing [17], stored U.S. health care data alone has reached
150 exabytes [1], mainly in the form of electronic health records and will exceed yottabyte

in the near future [121].
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The Curse of Dimensionality

Medical big data can be mainly classified into three separate formats, i.e large n and small
p (n = sample numbers, p = parameter numbers); small n and large p; and large n and
large p [143]. High dimensional data are data with too many parameter numbers compared
to the number of observational sample numbers. In high-dimension datasets, there is a
non-intuitive behavior which might lead to “curse of dimensionality” [32]. Richard Bellman
coined the curse of dimensionality in 1961 in reference to the combinatorial optimization in
high dimensions [10]. This phrase has been used to describe a wide range of issues arising
from exponential increase in the difficulty of applying various machine learning techniques
as the dimension of the input space increases [34]. The curse of dimensionality, statistically,
can make it hard to have enough sample from high-dimensional spaces [140]. If I have m
dimensions of a standard multivariate Gaussian distribution, z ~ N(0, I), with the mean in
the center of the density and an exponential decay as I move outward. Considering m is 1 or
2 to visualize the Gaussian density function, most of the function points should drop around
the mean. While it would be reasonable to expect that in the case of random sampling, a
high percentage of drawn random samples should be near the mean, this does not keep being
true as we increase the dimension. There is an exponential increase in the number of points
within a radius r = 1 of the center of the distribution.

Curse of dimensionality has also negative impact on some machine learning algorithms,
such as the k-nearest neighbor (knn) [157]. In knn method, & samples with the smallest
distance to sample z;, i = 1,- - -, n(z; is a particular point of interest) are considered from
all the n samples to form a k-nearest neighborhood of z;, and sample z; is connected to
x; if it is one of the k-nearest neighbors of x;. The KNN algorithm assumes that similar
characteristics exist in nearby points. The KNN algorithm hinges on this assumption in low

dimension however having high dimension this might break down [11].

23



2.1.4 Dimension Reduction

Big data in its place is indeed a collection of potential rich analytic models in healthcare.
Using machine learning algorithms in which the main concern is to learn potential functions
which map input data to target outputs, it is critical to determine the main challenges for
big data applications in this domain. In other words, when input dataset consists of high
dimensional features which might be redundant or noise, the learning capability of machine
learning methods will be negatively affected. Therefore, dimension reduction and feature
extraction methods are required to be done on the dataset before applying prediction and
generalization algorithms. Considering the high dimension data in patient surveys, an effort
to improve the data quality by reducing the dimension is necessary.

In this section I cover backgrounds on feature extraction including the basics of deep
learning, Random Forest (RF) and Principal Components Analysis (PCA). In addition, the
Spark and Hadoop, Neural Network and all other tools and methods that are being used in

the first two studies will be explained here.

K-means Clustering

K-means [74] [91] is the most commonly used clustering algorithm which requires no prior
information about the associations of data points with clusters [40][125]. K-means algorithm
groups the data points into K clusters according to the distance measure. The distance

measure it generally uses is Euclidean distance, given by:

V! - vy 21

where d is the number of dimensions, x and y are two points in a d-dimensional Euclidean
space. The main idea is to define K centroids, one for each cluster. These centroids should
be placed as much as possible far away from each other. First step generates K random

centroids. Then it needs to assign each point to the closest centroid. When no point is
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pending, the first step is completed and clusters are formed. At this point, we should re-
calculate K new centroids and reassign the points to the clusters. It should be repeated
until no more update in centroids. Finally, this technique aims at minimizing an objective

function which is called Sum of Squared Error (SSE), given by the following equation:

SSE=Y" 3 (- a)? (2.2)

XieCy

where ¢, is the cluster centroid.

Random Forest

Random forest [15] is an ensemble learning method [122] that consists of many decision
trees. RF is composed by Classification and Regression Tree (CART) trees, which give their
decision for data point. Each decision tree in the forest is constructed using a different subset
from the original training data, containing about two thirds of the cases. Normally, about
one-third of the cases is left out of the bootstrap sample which is called the out-of-bag (OOB)
data for the tree. The OOB data generate a test classification, with an error referred to as
the out-of-bag error (OOB error). Gini index (GI) is one of the variable selection functions
used in RF, which measures the impurity of an attribute with respect to the classes [16]. GI

can be written as following equation for a given training set:

P = £(C,, T)/ T (2.3)
J#

where T is the training set, C; is a specific class type, P; is the probability that the
selected item (which is patient in our dataset) belongs to class C;, and I is the number of
Classes.

It has been demonstrated to improve the accuracy in comparison to other supervised

learning methods [15][150]. RF also provide measures of variable importance for each can-
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didate predictor [15][85].

e Random Forests Variable Importance: Random forests has an embedded feature to
identify importance of variables. The importance for each variable, used in section
3.3.3, is calculated by permutation. It describes the difference in prediction accuracy
before and after permuting the variable of interest, averaged over all trees [15], by
representing the mean decrease in classification accuracy after permuting each input
variable over all trees. To determine the permutation importance of a variable, it should
be permuted while keeping all other variables in the OOB samples unchanged, then
running all trees on the OOB samples and finally calculating how much the squared
error improved as a result. The average of this number over all trees in the forest is

the importance score for the variable.

Principal Component Analysis

Principal Component Analysis [117] is a technique used to transform a group of correlated
variables to uncorrelated variables known as principal components.These principal compo-
nents are the linear combination of the original variables arranged according to their level
of importance in a descending order. In fact, it is the first component which provides the
highest account for the variation in the original dataset. These principal components are
actually generated through an orthogonal rotation in p-space. PCA is mostly utilized to see
whether the first few components are capable of encompassing and accounting for most of

the variation in the original dataset.

Spark and H20

Spark [174] offers a higher level of abstraction by using novel in-memory concepts and tech-
niques ending for momentum for iterative and interactive Big Data processing. In-memory
concept in Spark has been introduced by a data structure called resilient distributed datasets

(RDDs) to cache data. Spark runtime consists of a driver and multiple workers. Multiple
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workers should be launched before an iterative operation. Data blocks will be read with the
workers from a distributed file system and will be cached in their own memory as partitions
of RDD. The RDD feature of Spark is the concept of in-menory processing in which avoids
data reloading from disk at each iteration leading to dramatically speeds up the iterative
operation.

H20 [57] is a newer framework in machine-learning. It is a framework for predictive and
descriptive analytic that can stand alone or on-top of the hahoop and spark. H20 enables the
connection between R, an open source statistical programming environment, with a big data
infrastructure which is Hadoop Distributed File System (HDFS). H20 provides a platform
to implement supervised and unsupervised-learning algorithms which both have been used

in this study.

Deep Learning-Dimension Reduction

Deep learning aims at learning feature hierarchies with features from higher levels formed
by the composition of lower level features. In this study, I use a deep neural network as
a conventional multi-layer perceptron (MLP)) [124]. They include learning methods for a
wide array of deep architectures, including neural networks with many hidden layers [161][52],
section 2.1.4 contains more information about neural network. Deep neural network can help
to provide abstract representations which they are generally invariant to most local changes
of the input. In the context of categorical concepts, this is helpful as it can detect categories
that cover different kinds of concepts. Deep learning can do abstraction on continuous

attributes as well means to have great prediction power used in this study.

e Deep Learning Variable Importance: For Deep Learning, variable importance is calcu-
lated using the Gedeon [49] method. It is a modification of Garson method [47] which
the hidden layer weights are partitioned into components associated with each input
node. After that, the percentage of all hidden node weights assigned to a particular

input node is used to measure the importance of that input variable. Mainly it is
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based on using the weight matrix of the trained neural network itself to determine

which inputs are significant.

Artificial Neural Networks Artificial neural networks (ANNs) have been applied to
several domains due to their high efficiency in classification and data pattern recognition.
ANNSs refer to an interconnected group of simple processing neurons functioning similar to
human brain neurons [95]. The processing ability of the network is placed in the weights of
connected neurons which are achieved and adjusted through a learning process via a set of
training patterns. A trained ANN has the ability of classifying multidimensional and non-
linear input-output patterns. A simple neuron gets signals from n inputs each possessing
their own connection weights. The signals are continuously evaluated by the neuron through
combining each input’s production, its associated connection weight, and through comparing
the summation to its threshold value. Then, the calculated vector will be converted by the

transfer function F. This converted value is the neuron’s output.

Multi-layer perceptron

A multi-layer perceptron is also called feedforward artificial neural network is used for both
classification and regression [48]. It is a Generalization of single-layer perceptron [123],
consisting of many neurons and several layers where neurons connect to one another in the
adjacent layer. A neuron in the hidden layer and output layer transforms values from the
previous layer into a weighted linear sum followed by a non-linear activation function, each
of the form:

n—1

S wyi x 1 (2.5)

j=0

Oj:

Which wj; are the weights and X is the input vector of the data. After that, I can use an
activation function for classification purpose. This formula is used for each hidden layer
separately. This implies that each layer represents the input in a different way, and as a

function of the previous representation. Given this composition, multi-layer perceptron can
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be trained to minimize any typical loss functions with a simple application of the chain rule,

called backpropagation (i.e., of error) for MLPs [128].

2.2 Predicting Manual Test Case Failure

In this section I cover backgrounds on test case prediction including the basics of linear and
nonlinear regression techniques. In addition, the NLP and IR methods that are being used

in this study will be explained here.

2.2.1 A History on Test Case Prediction

There has been a lot of studies in recent year about defect prediction. To predict a defect,
one may use product (source code, test code, etc.), process, and organizational metrics, using
several mining software repositories approaches [43]. Testing-related metrics had been also
successfully applied on the defect prediction problem [78]. However, in this study, I am not
interested in defect prediction and rather want to predict the test case failure. The main
difference is that I am focusing on test case-related features as opposed to code-base features
(such as Line of Code (LOC), code complexity, and code change), assuming that the code-
base may not be available. Common testing features include the size of a test case, code and
requirement coverage, and historical test case execution results (pass and fail) [106]. Note
that even though, my focus is on test case failure prediction but most of the underlying
techniques and approaches are inspired by the defect prediction studies.

Test case prediction techniques can be studied from two perspectives: a) what features or
metrics it has access to (available data) and b) what predictive model it uses for estimating

the test case failure?
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Features in Test Case Prediction

In general, any product, process, or organizational feature that is used in defect prediction
can also be used in test case failure prediction. Below I list some of the common features

that have been used for test case failure prediction in past.

Code-coverage-based Features In the test failure prediction domain, though, code cov-
erage is the common measure of quality for test cases. For instance, different coverage-based
approaches have been used for test case prioritization. However, such approaches assume
that we have access to the code coverage information of test cases, either from the previous
executions of the test case [106] or by static analysis [99]. In this study, I focus on features
that can be extracted only using the test cases in a manual testing settings, on a GUI-Level.

Therefore, even code-based coverage info is not available.

History-based Features Another typical test case failure prediction feature, in practice,
is the previous execution result per test case. The assumption here is that the historical re-
sults of test case executions are recorded and accessible for the prediction method. According
to [58] test cases that have detected faults in the past may be regarded as “proven perform-
ers” hence should be given more probability to fail again. Therefore, a simple history-based
metric would be whether a test case has ever failed in the past or not. The positive answers
will be predicted as failing tests. This idea is typically used for regression testing [37]. Most
recently, Noor et.al. proposed a history-based prioritization approach where the similarity
of modified or new test cases to old failing test cases have been considered as input features

for prediction [106] [107]

Text-based Features Text-based features are a newly introduced category that can work
with even the most limited datasets with no source code, coverage, or execution information.
Basically the only requirement is the textual representation of the test case (can be in

programming/scripting/natural languages) [154]. For instance, in [62], the authors have
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used a topic modeling technique called LDA for representing manual test cases, though that
metric did not show good results. In this study, I introduce another text-based metric and

improve applicable baseline features.

Test Case Prediction Models

Classifiers such as linear and nonlinear regression (LR and NLR) and Machine learning mod-
els such as neural network (NN) and support vector machine (SVM) have been extensively
used in bug triage and prediction studies [56] [119] [28]. In this study, I use the same insights
and apply LR, NLR and NN, as the most common techniques, to learn a classification model
from the extracted features per test case. Ithen use that model to predict future test cases’

failures based on the current attribute values.

Linear Regression A linear regression method is one of the most common approaches in
statistics and it works in application of numeric prediction especially where both the output
class and the features are numeric [136]. Basically, the output class is expressed as a linear
combination of the attributes with their corresponding weights. The LR function is given
by:

where y is the output, x; is the input variable, b; is the regression coefficient of explanatory

variable 7, and by is the value of the intercept in the linear fitting.

Quadratic Regression Quadratic regression model is used besides linear regression in this
study. While LR gives a clear analysis of the relationship between output and each single
input, quadratic regression takes the interactions between input variables into account [37],

thereby, making it a better fit for nonlinear systems. Quadratic regression is generated from
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LR by adding more terms to equation 2.6. The quadratic regression function is:

Yy = b() + ijl bZZL‘Z + Z 1<i<n—1 bijZL‘il'j + Zj:l b”ZL‘? (27)

i+1<j<n

with same definition as per equation 2.6.

2.2.2 Natural Language Processing
Overview

Natural Language Processing techniques, which can extract structured information from free
text, can be very useful in software automation when the input data is text or speech. Parsing
natural languages is one of the most basic requirements for automating any system that
depends on the input from human in the form of text or speech. Natural Language Processing
is a popular topic in Computational Linguistic which deals with interfacing computer with
human languages. NLP specifically deals with extracting context out of natural language text
by using grammar inference, relating the words with each other and using this information
to address natural language semantics [101]. There are several sub-problems in NLP one of
which is POS tagging (assigning part of speech tags to words), which is being used in this

study.

Part-of-Speech Tagging

Part-of-Speech tagging [26] [145] is the task of labeling each word in a sentence with its
appropriate syntactic category, called part of speech. Part-of-speech taggers, identify POS
of a word and tag it as a noun, verb, preposition, etc. and then parse the tagged words
into grammatical phrases to help distinguish the semantics of the component words. This
technique is a very important preprocessing task for almost all systems with the input from
human speech or text. POS tagging has received great attention from software engineering

researchers developing text-based software engineering tools [2].
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In the context of software engineering, NLP is not a new topic and has been used for
decades. Main applications of NLP in software engineering are in the areas of Specification
Mining and Requirement Engineering. In 1989, Saeki et al. [133] used NLP techniques to
derive formal specifications from informal ones using similar idea as presented in this study;
extracting nouns and verbs as representations of classes, attributes and methods in the code
base. Hudaib et al. [73] presented a two-way approach using NLP techniques; to extract
UML state machines from English natural language requirements, and then back from UML

model to English natural language requirements.

Term Frequency-Inverse Document Frequency

TF-IDF is a very common metric in the context of Text Retrieval. It is a measure that is
assigned to a term in a corpus of documents. The first part, Term Frequency (TF), simply
uses the term’s frequency to record the number of times that it appears in a document

normalized by the total number of terms in that document:

count(t, d)
Y veq count(v, d)

tf<ta d) - (28)

Inverse Document Frequency (IDF) which is the second part of TF-IDF measures how rare
or common this term is across all documents in the corpus. It is calculated by dividing the
total number of documents (D) by the number of documents that contain that term (df).

IDF is typically presented as the logarithmic version of the above calculation.

idf (t) = log% (2.9)

The TF-IDF of a term t is simply t’s tf multiplied by its inverse document frequency.

tfidf (t,d) = Lf(t,d) - idf (t) (2.10)
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where,

tf is the term frequency.

df is the document frequency, i.e., the number of documents containing the word.
D is the number of documents.

In this research, TF-IDF is used to measure the strength of features extracted from POS

tagging.

2.3 Automatic Velocity Picking in Seismic Data

2.3.1 Deep Learning Methods for Prediction

Deep learning refers to re-emergence of artificial neural networks in machine learning which
mainly is a set of ML-based models that uses patterns gained directly from data, to make
considerable progress in the way computers extract information from data [48]. Traditionally,
they are simply described as networks with many layers that transform input(s) to output(s).

I will proceed with the variation’s algorithms of deep learning.

Convolutional Neural Networks

Convolutional Neural Network imitates how the visual cortex of the brain processes images
and recognizes them, therefore it is specified for the visual tasks. They contain the neurons
with weights and biases which are learnable. Each neuron is capable of optionally performing
a non linear operation optionally. The layers can understand the semantics of different type
sub-image pattern which can occur at any spatial position in the overall image. For instance,
the co-occurrence of two eyes and a nose can occur at any position in an image frame.
However, it is not clear which specific patterns the models should look for, so a learning

process is needed to learn them from a large set of examples and reasonably it works well if
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there is a large amount of labeled data [130]. CNN-based image classification has developed
rapidly and excelled at perceptual tasks. AlexNet [80] and GoogLeNet [151], as two state-of-
the-art CNNs, ranked at the top in the ImageNet large-scale visual recognition competition
(ILSVRC). In addition to classification, CNNs are used for object recognition [80] and image
[89]. The first steps of CNN typically contain two types of alternating layers that are doing
the “feature extraction” task: convolutional layers and pooling layers. The convolutional
layer is the essential component of CNNs in which I have a learned set of patterns or filters.
They take a stack of inputs (e.g. color in an image) and convolve each with a set of learnable
filters to produce a stack of output feature maps. Hence, each feature map is simply a
filtered version of the input data and is tasked with learning how to extract a specific feature
from the input, such as edges, corners, parts of objects, etc. Pooling layers [38] task is to
reduce the dimensionality of feature maps using aggregation functions to calculate a summary
statistic across a small, local region of the input. Max pooling [9] as an example, calculate
the maximum output located within a rectangular region of the input, then reduces that
rectangular region to a single value equal to the maximum. A common choice is to divide
each feature map into non overlapping 2 x 2 grids of pixels, then reducing each to a single
pixel, converting a feature map from, e.g. 32 x 32 pixels to 16 x 16 pixels. As a result, only
the most pronounced features in each rectangular region are forwarded to the deeper layers

of the model.

2.3.2 Dix Equation

The Dix Equation [33] is used for estimating unknown formation velocities, from measured

stacking velocities, assumed to be valid proxies for RMS-velocities. The formula is as below:

Vitt; — V2t
Vi :\/ izt (2.11)

t; — 11

where V; is interval velocity of layer i, and t;_; and ¢; are 2-way traveltimes to the top
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and bottom of layer ¢ respectively. V;_; and V; are the RMS-velocities associated with layers

1 — 1 and 7 respectively.
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Chapter 3

A Cluster-based Machine Learning
Model for Large Healthcare Data

Analysis

To address the first research problem explained in chapter 1.1.1, this chapter characterizes
dimension reduction in large healthcare platform by investigating the features, out of such
high-dimensional data, that could best represent desired output and explain them so that
such features can be used in the future at the point of care.

This chapter is organized as follows: Sections 3.1 and 3.2 explain data input and output in
this experimental study. Section 3.3 describes the methodology in which patient clustering,
classification and prediction are explained. Section 3.4 presents the results and discussion

on different research questions. Section 3.5 summarizes this chapter.

3.1 Data

This study is based on a secondary analysis of data prospectively collected from participants
enrolled in the Alberta Prostate Cancer Research Initiative study [3] which includes 5093

patients with 1592 dependent and independent variables. The APCaRI study is enrolling
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the population of men undergoing diagnosis for prostate cancer in Calgary and Edmonton,
Canada. These patients were referred for a diagnostic biopsy based on conventional clinical
guidelines (e.g., elevated PSA and/or abnormal digital rectal examination). To be eligible
for the APCaRI study, men must be over 18 years of age, speak English or have a translator
available, and not have had a prior prostate cancer diagnosis. Participants in the APCaRI
study consent to having their data used for secondary studies. Only participants whom have
provided this consent are included in the analytic data set used for this study. To be eligible
for this study, participants had to have been diagnosed with prostate cancer and completed
the EPIC-26. This study is approved by the Conjoint Health Research Ethics Board at the

University of Calgary.
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Figure 3.1: Flowchart of the approach described in this chapter. After collecting the APCaRI
data, the steps are 1) Pre-processing 2) Clustering 3) Classification 4) Extracting feature
importance and 5) Prediction.

Calculating the variable

38



3.1.1 Data Collection

Participants’ demographic characteristics were collected during the in-person interview prior
to biopsy. Trained data collectors abstracted participants [19]; clinical data from laboratory,
pathology, or treatment reports. All data were entered into a REDCap database [59] . All
personal identifiers were removed from the APCaRI study database to our research team for

analysis.

3.2 Desired Output, EPIC-26

The EPIC-26 questionnaire is a valid and reliable subjective measure HRQOL in men under-
going prostate cancer treatment [152]. The items of EPIC-26 are responded to using either
a four- or five-item Likert scale. Responses are transformed to a 0-100 scale, with higher
scores representing less symptom severity. Using the available scoring instructions [137],
items are grouped into one of five domains: urinary incontinence (UI) (4 items), urinary irri-
tative/obstructive (UIO) (4 items), bowel (B) (6 items), sexual (S) (6 items), and hormonal
(H) (5 items) [165]. As shown in table 3.2 there are 26 items in which one item (i.e.,“Overall,
how big a problem has your urinary function been for you during the last 4 weeks?”) is not
included in any domain. For each domain, item scores are averaged to calculate the domain
summary score. Participants completed the EPTIC-26 either in-person (if the participant is
willing to come in to the clinic), over a secure website, or by filling the questionnaire mailed

to them.

3.3 Method

Before I start to explain proposed method, it is necessary to understand what characteristics
are desired for the model. Epic-26 values for each domain for all the patients are a continuous

value between 0 and 100, with 0 indicating the least satisfaction and 100 shows the highest.
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Table 3.1: Summary of some features collected in APCaRI dataset.

Variable / Field Name Form Name Field Type(s)
in_001 to in_031 intake radio
up-000 to up-007 data_entry_update checkbox
ic_000a to ic_000e & ic_ 001 & :

. . informed_consent text
ic_missing 01

rx_001 to rx_121 & medications_and_supplements | yesno
bl_001 to bl_233 & sampleid & biosample bt

bl missing_01 to bl missing 03

ps-008 to ps_013 psa radio
ib_001 to ib_083 & ib_provider biopsy_diagnostic text
im_001 to im_009 imaging yesno
tp-000 to tp_101 &

tp_accessionl to tp_accession6 & .
tp_providerl & turp radio
tp_provider6

ac_000 to ac_279 & ac_provider ambulatory_care radio
rp-000 to rp-036 prostatectomy_pathology checkbox
su-001 to su_015 surgery radio
cy-000 to cy-012 cryotherapy radio
hi_000 to hi_024 hifu radio
f1.000 to f1.024 focal laser radio
pt_000 to pt_024 photodynamic_therapy radio

af_ 001 to af_089 biopsy_posttreatment checkbox
r_000 to r_160 radiation radio
ct_001 to ct_149 chemotherapy checkbox
pr-001 to pr-035 progression radio
eq_001 & ep_001 & ip_001 &

er 001 &

eq-missing 01 to eq_missing 03 &

ep_missing_ 01 to ep_missing 03 & survey_info yesno
ip_missing_01 to ip_missing_03 &

er_missing 01 to

er_missing 03

eq-002 to eq_007 & ep_002 to ep_027

& ip_002 to ip_008 & er_002 pro_survey slider

& mi_002 to mi_007

All of these 26 features which are the influential features for Epic-26 domains values are

hidden in the 1592 features I have in the dataset. By taking this into account, in this
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section, I explain the cluster-based random forest approach for health related quality of life
prediction, as per Fig. 3.1, by first clustering the patients and then using random forest
method for feature engineering and finally applying the prediction technique on the patients

considering only the extracted features to evaluate the feature extraction method.

3.3.1 Patient Clustering

The purpose of performing clustering before classification can be explained as follows. The
patient survey data set is an almost highly imbalanced data. Table 4.1 demonstrate that
there are 2.62%, 1.19%, 0.69%, 26.97% and 1.2% dissatisfied responses (i.e. less than 50) for
UI, UIO, B, S and H, respectively. Therefore, to prevent classification model to overlook the
unsatisfied responses which are minority, I utilized K-means which is a popular clustering
methods. Using the clustering, patients which are similar (i.e. unsatisfied patients) would
probably end up in the same cluster. Then considering the unsatisfied clusters separately
for classification, will help to find the influential features on minority responses as well as on
majority responses in which include the satisfied patients (i.e. there EPIC-26 values are more
than 50). In this study, I assigned N new columns for categorical features with N levels so
can be used in k-means. In the K-means clustering, first, k centroids are randomly selected.
The number of k, the cluster numbers, is decided with the elbow method. Each point which
is patient in this study, decides its centroid nearest to it according to the Euclidean distance.
After each of the patients in the dataset is assigned to one of the k clusters, the centroid
of each cluster is updated. This procedure is repeated until the centroids are not changed
anymore. At the end of this part the clusters are formed.

Elbow Method: Elbow method [103] is a visual method to determine approximately
the best number of clusters. Reason being is that starting with K=2, and increasing by 1
in each step, I want to select a K where the cost, which is within cluster sum of squares
(WSSE) in this study, before that drops significantly but beyond the “elbow” it reaches a

plateau when you increase it further. In the Fig. 3.2 we can see in our cases using 18 clusters

41



should be the right number of clusters for Epic-26 variables, as it is the elbow of the curve.
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Figure 3.2: Elbow method for finding the best number of clusters.

3.3.2 Patient Classification

At the end of previous step I ended up having patients in 18 different clusters. To enhance
the classification output based on the satisfaction of the patients, I assigned value “Yes”,
indicating their satisfaction, to the Epic-26 variables if their value is grater than or equal
to 50 and “NO” if their value is less than 50. The new features will be used as outcome of
interest only for training our classifier not for using it in the prediction part. In other words,
the prediction algorithm will estimate the actual values of EPIC-26 (i.e. the continuous
number between 0 and 100) not the classified values (i.e. Yes or No). The selected classifier
in this step is random forest as it is a reasonable suggestion for our semistructured high-
dimensional dataset which most of its variables are categorical (i.e. radio, checkbox, yesno,
etc.). Random Forest is a tree-based algorithm that combines the results of many weak

trees/learners to have improvement in predication accuracy.
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The RF mainly requires the definition of two parameters to generate importance of
features, the number of classification trees desired (ntree) and the number of columns to
randomly select at each level (mtry). In this study, several RF models were constructed
using the selected features, each with ntree of 1000 and mtry equaling to the square root of
the number of input variables [21]. Furthermore, RF implementation on H20 [57] was used

because of its flexibility and processing speed.

3.3.3 Extracting Important Features

Random Forest model provides an expert way to measure features’ importance as explained
in section 2.1.4. In this study, the top important features which are considered, are those
with importance more than 0.7 (it is selected by try and error to get the most efficient
threshold which the extracted features does not exceed 10 features) in at least one of the

clusters.

3.3.4 Prediction of the EPIC-26 Actual Values

Artificial Neural Networks have been applied to the extracted features from the previous
step to to predict the actual number of EPIC-26 for each domain. The data were divided to
70%, 15% and 15% for training, validation and testing, respectively. I repeated the above

training and testing process 10 times and the results are reported in Table 3.4.

Neural Network Set up: The NN I employed in this study is a simple multi-layer per-
ceptron with 3 layers containing 10 neurons in hidden layer. The network has 10 inputs
which are the minimal set of important features extracted by each of the methods, and one
output is a continuous number for EPIC-26 domain value. I use the logistic function as the

activation function inside the neurons with backpropagation as the learning mechanism.

43



3.4 Results

3.4.1 Baseline

Among different methods for feature extraction and dimension reduction, I study the use
of: i)Random Forest on the dataset without clustering; ii) PCA on the dataset without
clustering; iii) Deep learning on the clustered data. For the baseline, a 3 layer NN is used
as the prediction method (as a powerful paradigm for prediction) for all the feature extrac-

tion/dimension reduction methods.

3.4.2 Evaluation Approach/Study Design

In this section, I explain the evaluation of the proposed cluster-based feature extraction
technique. I use NN for predicting EPIC-26 exact values to evaluate if the extracted features

are predictive or not.

Objective

The objective of this experiment is to propose a parallel processing technical approach in
which the unsupervised learning and supervised learning are combined to decrease the overall
error for predicting HRQOL using diagnostic, clinical, and PRO data by reducing the number

of dimensions to identify the most important features from the dataset.

Evaluation Metric

As I am predicting a continuous value for each domains of EPIC-26, the metric used in this
chapter for assessing the effectiveness of the predictive model is Coefficient of correlation (R)
between predicted and observed values in EPIC-26 domains. In case of using R-squared, it
can be calculated as R+ R or R?. Correlation coefficient reflects the level of direct relationship
between two components, i.e., how much the variables are associated, and the values are in

the range of +1 to - 1. An association of +1 suggests that there is an extraordinary positive
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direct relationship between elements. In other words, the predicted values is the same as the

actual value, while a negative association demonstrates disagreement between two values.

Research Questions

RQ1: Can a basic Random Forest algorithm with a simple NN prediction method
improve the effectiveness of a traditional dimension reduction, PCA, with the
same prediction method? In this research question, I compare the prediction results

of Random Forest as part of the proposed method with the PCA method.

RQ2: Does Clustering the patients first and then extracting the features, im-
prove the prediction coefficient of correlation? In this research question, I upgrade
the simple RF method, which applies the extracting feature importance on the whole data,
to a cluster-based Random Forest (CB-RF). The proposed method first starts with clustering
the patients and then applies the feature extraction models on the patients in the clusters
separately. In this research question I compare CB-RF with original random forest (ORF)

on the whole data not the clustered one.

RQ3: Keeping the clustering part of the method, are the features extracted with
Random Forest, better than features extracted with another powerful feature
extraction method, deep learning which has been applied on the clustered data
as well? In this research question, I investigate the EPIC-26 prediction ability of Random
Forest vs. Deep learning; However, both the algorithms are applied on the clustered patients
for the sake of consistency.

In RQ3, I define a standard deep learning with multilayer perceptron with 5 hidden layers,
each containing 100 hidden nodes. The activation function used in the layers are T'anh. 1
use stochastic gradient descent using backpropagation as training algorithm. For improving

generalization I specify the input layer dropout ratio as 0.2.
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3.4.3 Case Study Results

In this section, I explain and discuss the results of the experiment and answer the three

research questions.

RQ1:

To answer this research question, I compare the original RF used in the proposed method
with the PCA as a standard statistical technique for dimension reduction. In both of the
methods the whole dataset is used without any clustering, and then I use NN as the prediction
model in both methods. The idea is to see the effect of RF without giving much advantages
to the clustering. Looking at Fig. 3.3, our first observation is that overall the PCA’s R
values are very low. Moreover, the figure shows that the RF approach is quite effective in

the predicting quality of life variables.
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Figure 3.3: Mean and standard deviations of coefficient of correlation for PCA vs a sim-
ple (Original) Random Forest (RF). EPIC-26 Domains are Ul (urinary incontinence), UIO
(Urinary Irritative/Obstructive), B (Bowel) and S (sexual).

The previous analysis show that the results of the Random Forest is better than PCA
which is in favor of the RQ1. It also indicates that I can improve the basic PCA feature
extraction technique using a simple RF with NN prediction model. This is quite interesting
since it shows that PCA cannot work effectively on dataset which mostly is categorical and

a simple RF brings extra knowledge about the features. This knowledge is basically the
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importance of the features which can not be seen in the PCA model. However, the RF that
was used in RQ1 was quite simple. So the next question will be whether a more complex

feature extraction can help in prediction or not, which is studied in RQ2.

RQ2:

The objective of RQ2 is to study the cluster-based measure in more details. I want to know
whether RF can be improved if I cluster all the patients and then extract feature importance
in each cluster, or not. This basically tries to improve the RF without using new feature
extraction models. Focusing on RQ2, given that in many outputs RF already provides
high coefficient correlation, Fig. 3.4 shows that CB-RF can improve it effectively, meaning
that the most significant information, in terms of the important features that contribute to
predicting the desired output, are common in patients in the same clusters, explaining why

CB-RF is outperforming simple RF itself.
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Figure 3.4: Mean and standard deviations of coefficient of correlation for RF vs the pro-

posed method, Cluster-Based Random Forest (CB-RF). EPIC-26 Domains are Ul (urinary
incontinence), UIO (Urinary Irritative/Obstructive), B (Bowel) and S (sexual).

RQ3:

In RQ3, I study the same question as RQ2, but in the context of different feature extraction

models. In other words, we try to improve the CB-RF by a better feature extraction model.
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Figure 3.5: Mean and standard deviations of coefficient of correlation for Cluster-based Deep
Learning (CB-DL) vs the proposed method, Cluster-Based Random Forest (CBRF). EPIC-
26 Domains are Ul (urinary incontinence), UIO (Urinary Irritative/Obstructive), B (Bowel)
and S (sexual).
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Figure 3.6: Mean and standard deviations of coefficient of correlation for Cluster-based
Random Forest (CB-RF) vs other methods: Cluster-based Deep Learning (CB-DL), PCA
and Random Forest (RF). EPIC-26 Domains are UI (urinary incontinence), UIO (Urinary
Irritative/Obstructive), B (Bowel) and S (sexual).

To answer RQ3, I replace RF with Deep Learning, retaining the cluster-based idea, in other
words, I will cluster the patients and then use DL and RF to extract important features
from clusters. Looking at Fig. 3.5, we see that the two feature extracting models, in the
context of NN prediction, have different levels of coefficient of correlation. It shows that
only being cluster-based is not enough even when we have an accepted and popular method

which is deep learning in this case. Another observation is that the proposed method is

the best method with the prediction R (correlation coefficient) of 85% (R-squared 72%).
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This conclusion can also be drawn by looking at Fig. 3.6 and Table 3.4, the improvement
is on average 76%, 10% and 33% on PCA, RF and CB-DL, respectively. In addition, the
low p-values reported in Table 3.5, all less than 0.05, show that the improvements are not

random or by chance.

3.5 Summary

There is huge growth in the amount of patient survey data being generated in healthcare
industries and hospitals. Curse of dimensionality is a barrier to extracting useful informa-
tion from patient survey data which can help in the treatment and care of patients. It is
paramount to have methods to find importance of features based on such huge volumes of
stored information for the desired outputs. The health-related quality of life is a powerful
paradigm to help reaching such a desired output, measuring as patient satisfaction. In such
scenarios, it is difficult to investigate the features, out of such high-dimensional data, that
could best represent desired output and explain them so that such features can be used in
the future at the point of care. In this study I propose a Cluster-based Random Forest
(CB-RF) method to particularly exploit the most important features for the desired output,
which is Expanded Prostate Index Composite-26 (EPIC-26) domain scores. EPIC-26 is be-
ing used for assessing a range of HRQOL issues related to the diagnosis and treatment of
prostate cancer. Different feature extraction methods are applied to extract features and the
best method is the proposed CB-RF model which could find the most important features
(10 or less) out of over 1500 features that can be used to accurately estimate patient with
their EPIC-26 values with on average 85% coefficient of correlation between predicted and

observed values of real dataset including 5093 patients.
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Table 3.2: The questions related to each EPIC-26 values. EPIC-26 Domains are Ul (urinary
incontinence), UIO (Urinary Irritative/Obstructive), B (Bowel) and S (sexual).

Epic-26

The domain

related to The question related to Epic Name
Name :
Epic Name
ep-002 | UI Over the past 4 weeks, how often have you leaked urine?
ep-003 | UI Which of the following best describes your urinary
control during the last 4 weeks?
ep-004 | UI How many pads or adult diapers per day did you
usually use to control leakage during the last 4 weeks?
ep-005 | Ul Dripping or leaking urine?
ep-006 | UIO Pain or burning on urination?
ep-007 | UIO Bleeding with urination?
ep-008 | UIO Weak urine stream or incomplete emptying?
ep-009 | UIO Need to urinate frequently during the day?
ep-010 Overall, how big a problem has your urinary function
- been for you during the last 4 weeks?
ep-011 | B Urgency to have a bowel movement?
ep-012 | B Increased frequency of bowel movements?
ep-013 | B Losing control of your stools?
ep-014 | B Bloody stools?
ep-015 | B Abdominal/Pelvic/Rectal pain?
ep-016 | B Overall, how big a problem have your bowel habits
been for you during the last 4 weeks?
ep-017 | S Your ability to have an erection?
ep-018 | S Your ability to reach orgasm (climax)?
ep-019 | S How would you describe the usual QUALITY of
your erections during the last 4 weeks?
ep-020 | S How would you describe the FREQUENCY of your
erections during the last 4 weeks?
ep021 | S Overall, how would you rate your ability to
function sexually during the last 4 weeks?
Overall, how big a problem has your sexual
ep-022 | S function or lack of sexual function been
for you during the last 4 weeks?
ep-023 | H Hot flashes?
ep-024 | H Breast tenderness/enlargement?
ep-025 | H Feeling depressed?
ep-026 | H Lack of energy?
ep-027 | H Change in body weight?
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Table 3.3: Statistical characteristics of patients for all the EPIC-26 domains score quartiles.
EPIC-26 Domains are UI (urinary incontinence), UIO (Urinary Irritative/Obstructive), B
(Bowel) and S (sexual).

Range of Score No. Patients for each EPIC-26 domain

UT (%) UIO (%) B (%) S (%) H (%)
[0-25) 17 (0.78) 2 (0.09) 0 (0) 279 (12.82) | 5 (0.23)
[25-50) 40 (1.84) 24 (1.1) 15 (0.69) 308 (14.15) | 21 (0.97)
[50-75) 179 (8.23) 251 (11.53) | 69 (3.17) 356 (16.36) | 128 (5.88)
[75-100] 1372 (63.05) | 1630 (74.91) | 1879 (86.35) | 872 (40.07) | 1076 (49.45)
Missing Values | 568 (26.1) 269 (12.36) | 213 (9.79) 361 (16.59) | 946 (43.47)

Table 3.4: Coefficient of correlation between predicted and observed values in EPIC-26
domains. Neural Network is used for predicting EPIC-26 domains using important fea-
tures calculated with different features extraction techniques:PCA, ORF (Original Random
Forest), CB-DL (Cluster-based Deep Learning), CB-RF (Cluster-Based Random Forest) -
EPIC-26 Domains are Ul (urinary incontinence), UIO (Urinary Irritative/Obstructive), B
(Bowel) and S (sexual). For NN, R values of 10 runs and their average (AVG) and Standard
Deviation (SD) are reported.

Method %{:IIS;]?I? Runl | Run2 | Run3 | Run4 | Run5 | Run6 | Run7 | Run 8 | Run 9 | Run 10 | AVG SD
Ul -0.0944 | -0.1095 | 0.1393 | -0.1256 | -0.0627 | -0.1049 | 0.0096 | -0.1703 | 0.0466 | 0.0701 | -0.0402 | 0.1006
UIO 0.2387 | 0.1768 | 0.0585 | 0.1067 | 0.1667 | 0.3139 | 0.1754 | 0.2796 | -0.0041 | 0.0813 | 0.1594 | 0.1006
PCA B -0.0122 | -0.0073 | -0.1144 | -0.1075 | 0.1474 | 0.2904 | 0.1535 | 0.0166 | 0.1223 | 0.1225 | 0.0611 | 0.1279
S 0.3601 | 0.088 | 0.1011 | 0.2488 | 0.1474 | -0.1366 | 0.4373 | 0.149 0.235 | 0.4843 | 0.2114 | 0.1844
H 0.1065 | -0.3202 | 0.053 | 0.3192 | 0.2827 | -0.1631 | 0.0604 | 0.2468 | 0.0188 | 0.0437 | 0.0648 | 0.1972
Ul 0.7204 | 0.7081 | 0.7032 | 0.5946 | 0.7403 | 0.6875 | 0.7871 | -0.6036 | 0.6008 | 0.6299 | 0.5568 | 0.4123
UIO 0.8536 | 0.8545 | 0.879 | 0.8719 | 0.874 | 0.8786 | 0.8608 | 0.873 | 0.8796 | 0.882 | 0.8707 | 0.0106
ORF B 0.8538 | 0.588 | 0.8782 | 0.8024 | 0.8558 | 0.8879 | 0.8878 | 0.872 | 0.9093 | 0.8143 | 0.8350 | 0.0929
S 0.9431 | 0.9354 | 0.936 | 0.9351 | 0.9276 | 0.9479 | 0.9365 | 0.9479 | 0.9534 | 0.9366 | 0.9400 | 0.0078
H 0.403 | 0.5316 | 0.4414 | 0.5906 | 0.6003 | 0.5648 | 0.6446 | 0.6824 | 0.6163 | 0.5433 | 0.5618 | 0.0867
Ul 0.9258 | 0.9645 | 0.9329 | 0.965 | 0.9548 | 0.9069 | 0.956 | 0.9229 | 0.901 | 0.9014 | 0.9331 | 0.0256
UIO 0.5046 | 0.472 | 0.4939 | 0.4142 | 0.5399 | 0.4604 | 0.5321 | 0.6296 | 0.3404 | 0.5767 | 0.4964 | 0.0819
CB-DL B 0.1858 | 0.193 0.189 | 0.1504 | 0.2134 | 0.269 | 0.0512 | 0.0895 | 0.2009 | 0.1514 | 0.1694 | 0.0624
S 0.9303 | 0.9474 | 0.9441 | 0.9562 | 0.9455 | 0.9463 | 0.9438 | 0.9415 | 0.9577 | 0.935 | 0.9448 | 0.0083
H 0.1119 0.105 0.0525 | -0.1691 | 0.1855 | 0.1354 | 0.1086 | -0.0785 | -0.0203 | 0.1021 | 0.0533 | 0.1096
Ul 0.993 | 0.9878 | 0.9917 | 0.9873 | 0.986 | 0.9936 | 0.9175 | 0.9915 | 0.988 | 0.9921 | 0.9829 | 0.0231
UIO 0.7724 | 0.8073 | 0.7585 | 0.789 | 0.7866 | 0.7201 | 0.6928 | 0.43441 | 0.7938 | 0.7715 | 0.7451 | 0.0741
CB-RF B 0.8679 | 0.8622 | 0.8698 | 0.2506 | 0.928 | 0.6722 | 0.9212 | 0.8841 | 0.895 | 0.8722 | 0.8023 | 0.2065
S 0.88207 | 0.8543 | 0.8786 | 0.9061 | 0.895 | 0.8741 | 0.9069 | 0.8411 | 0.8325 | 0.8488 | 0.8719 | 0.0267
H 0.8711 | 0.8896 | 0.8182 | 0.8886 | 0.895 | 0.9135 | 0.4976 | 0.8946 | 0.9102 | 0.9163 | 0.8495 | 0.1268

Table 3.5: P-value of Cluster Based Random Forest (CB-RF) and and other dimension
reduction techniques.

Method | PCA ORF CB-DL | CB-RF
PCA 1 1.92E-25 | 8.37E-10 | 7.52E-28
ORF 1.92E-25 | 1 0.000173 | 0.018507
CB-DL | 8.37E-10 | 0.000173 | 1 3.76E-08
CB-RF | 7.52E-28 | 0.018507 | 3.76E-08 | 1
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Chapter 4

Explainable Analytics to Predict the
Quality of Life in Patients with
Prostate Cancer from Longitudinal

Data

The next part of my thesis extends the study in chapter 3, in which, the proposed predictive
models were used to predict the HRQoL in prostate cancer patients. Despite the fact that
such complex (black-box) models are able to achieve high accuracy, they lack an explana-
tion of the predicted outcome. Thus, this chapter explores enormous potential to discover
new patterns from massive amount of data and transform those new black-box models into
human-understandable knowledge.

The rest of the chapter is organized as follows. I present the data set and EPIC-26
measurement method first in Section 4.1. Then the proposed methods for prediction and
explanation are demonstrated in Section 4.2. After that I show the results and insights in
Section 4.4. Finally, I present remarks and discussions of this study in Section 4.5 followed

by the chapter summary in Section 4.6.
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4.1 Quality of Life in Prostate Cancer Patients and

Data

To demonstrate proposed approach to predict post-treatment HRQoL for patients with PCa
based on their pre-treatment prognostic factors, I am using data collected as part of the Al-
berta Prostate Cancer Research Initiative (APCaRI). The APCaRlI [3] is enrolling the pop-
ulation of men undergoing diagnosis for prostate cancer in Calgary and Edmonton, Canada.
These men were referred for a diagnostic biopsy based on conventional clinical guidelines
(e.g., elevated PSA and/or abnormal digital rectal examination). I filtered the data to in-
clude only those patients without a prior PCa diagnosis (i.e. excluding recurrence), which
resulted in 2,670 patients and involving 433 unique variables collected prior to treatment
(i.e. a study “baseline”). Given that I want to predict 1-year HRQoL, I further excluded
those patients who did not have 1-year data completed. This process resulted in a data set
of 1,214 patients. Desired output is EPIC-26 that measures HRQoL as explained in Section

3.2 of the Chapter 3.

4.2 Cluster-based Deep Neural Network Prediction

Model

Patients’ severity for each of the EPIC-26 domains is a temporal continuous score between
0 and 100, with 0 indicating the highest severity and 100 indicating the least. All of the
dependent variables and most of the independent variables are temporal whose states change
with time (i.e. the variable values are different in baseline and 1-year follow-up). CB-DNN
aims at predicting the EPIC-26 values for next year (1-year follow-up) for the patients at
their baseline visit in which the independent variables at baseline visit should be used.
Considering that the dimension of the data set is large, the CB-DNN algorithm starts by

finding the most important variables which can have adequate description of the data by

53



having an acceptable prediction of the quality of life for 1-year follow-up. The method’s
steps are detailed below.

Firstly, a K-means [74][91] is used to group the data points into K clusters according to

the distance measure. The Euclidean distance is calculated as \/ S8 (x; — y;)? where d is
the number of dimensions (433 in this study), z; and y; are two patients in a d-dimensional
Euclidean space. The main idea is to define K centroids, one for each cluster. These centroids
should be placed as much as possible far away from each other. The Elbow method [103]
is used to find the best number of the clusters, K. It is a visual method to determine
approximately the best number of clusters. The EPIC-26 values in 1-year follow-up is a
highly imbalanced data. Table 4.1 demonstrate that there are 7.4%, 12.19%, 3.62%, 37.56%
and 3.79% in first three quartiles (i.e. less than 75) in 1-year follow-up for UI, UIO, B, S
and H, respectively. Therefore, I prevent the classification model to overlook these more
severe responses which are minority by using clustering. Patients which are similar (i.e.
less satisfied patients) would probably end up in the same cluster. Then considering these
clusters separately for variable extraction will help to find the influential variables on minority
responses as well as on majority responses in which include the patients in the less severe
quartile (i.e. there EPIC-26 values are more than 75).

Secondly, for each resulting cluster from the previous step, a deep neural network is
trained to extract the important variables per cluster. Deep learning aims at learning vari-
able hierarchies with variables from higher levels formed by the composition of lower level
variables. In this study I use the deep neural network as a conventional multi-layer percep-
tron (MLP) [124]. Variable importance in DNN is calculated using the Gedeon [49] method
explained in Section 2.1.4. In this study, the top important variables which are considered
are those with importance more than 0.85 (it is selected by try and error to get the most
efficient threshold which the extracted variables does not exceed 10 variables) in at least one
of the clusters.

DNN is well suited for APCaRI data set of this study. There are two main reasons for
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Table 4.1: Statistical characteristics of patients for all the EPIC-26 domains score quartiles in
1-year follow-up. EPIC-26 Domains are Ul (urinary incontinence), UIO (Urinary Irritative/
Obstructive), B (Bowel), S (sexual) and H (Hormonal).

Range of Score No. of Patients for each EPIC-26 Domain
UT (%) UIO (%) B (%) S (%) H (%)
[0-25) 2 (0.16) 1 (0.08) 0 (0) 204 (16.80) 2 (0.17)
[25-50) 10 (0.82) 13 (1.07) 9 (0.74) 132 (10.87) 6 (0.49)
[50-75) 78 (6.42) | 134 (11.04) 35 (2.88) 120 (9.89) 38 (3.13)
[75-100] 768 (63.26) | 893 (73.56) | 1033 (85.09) | 238 (19.61) | 1006 (82.87)
Missing Values | 356 (29.32) | 173 (14.25) | 137 (11.29) | 520 (42.83) | 162 (13.34)

this. In the first place, DNN can help to provide abstract representations which they are
generally invariant to most local changes of the input which is helpful if other hospitals want
to reproduce the results based on their data set. Moreover, In the context of categorical
concepts, given that most of the independent variables in this study are either binary or
ordinal, DNN is helpful as it can detect categories that cover different kinds of concepts. In
DNN, the tanh (hyperbolic tangent) activation function, ADADELTA optimizer [175], and
five hidden layers with 100 neurons each were used.

Thirdly, The important variables extracted from previous step which is for patients in
baseline visit are fed as input to an Artificial Neural Networks for each domain separately.
The 1-year follow-up EPIC-26 variable are considered as output of the ANN. The data were
divided to 70%, 15% and 15% for training, validation and testing, respectively. The ANN
used for prediction is a simple multi-layer perceptron with 3 layers containing 10 neurons in
hidden layer. The network has 10 inputs which are the minimal set of important variables
extracted by each of the methods, and one output is a continuous number for EPIC-26
domain value. I used the logistic function as the activation function inside the neurons
with backpropagation as the learning mechanism. The ANN model is used as non-linear
prediction model in the last step of the proposed model. That is because unlike traditional
machine learning models such as linear or logistic regression which has been used widely in
the literature for predicting quality of life [27][76][31], ANN models can learn more complex

non-linear data representation.
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Note that, in this study, in order to have a fast solution, both clustering and deep neural
network implementation are on H20. H20 [57] is a tool in the machine learning for predictive
and descriptive analytic that can be stand alone or executed on-top of the Hadoop [14] or
spark [174] frameworks. H20 handles billions of data rows in-memory by using in-memory
compression [81], it also enables the connection between R, an open source statistical pro-
gramming environment, with a big data infrastructure which is Hadoop Distributed file

System.

4.2.1 Evaluation Metric

The proposed techniques is evaluated using the coefficient of determination (R?). It gives
a quantitative assessment of the ability of the model to explain the variance in unseen
data by measuring how well the model is compared to the average model. This is a well
established measure of the strength of the relationship between the predicted outcome and

actual outcome in regression problem. This coefficient is defined as:

5 (v, v)

(4.1)

where Y; denotes the value of the outcome variable predicted by the proposed method for
the " data point. Y, and Y are the actual value of the outcome variable and its mean
respectively. The coefficient of determination can have the value from 0 to 100%, higher
coefficient values suggest that the predicted values and the actual values are more the same.
In this study, the Minimally Important Differences (MID) reported in [144] is applied before
calculating the R? values. MID provides a measure of the smallest change in the EPIC-26
values that patients perceive as important. All errors less than the MID value of the EPIC-26

domain are considered as zero for calculating coefficient of determination.

56



4.3 Bayesian Network-based Explanation Model

A Bayesian network [116] represents a class of graphical models as a Directed Acyclic Graph
(DAG) over X (a set of random variables). Such that random variables are associated with
the nodes in DAG. In this section, a method is developed for learning the structure of a
Bayesian network. It is important to note that I adhere to the standard assumption behind
the Naive Bayes rule which mentions that there is no interaction between the input variables
given the outcome [77][146][5][61].

EPIC-26 may be modeled using one Bayesian network for each of the five domains. The
structure of the BN prediction model is for two time slices: baseline visit and 1-year follow-
up visit. All the nodes included in the model are temporal except in_002 (How would you
classify your race?) whose state does not change with time. It is also noteworthy to mention
that some of the temporal nodes such as urinary incontinence, urinary irritative/obstructive,
bowel, sexual and hormonal variables are included with their 1-year follow-up values, while
others that are extracted from CB-DNN are considered with their baseline values. The
reason behind utilizing the BN as the base for the proposed explanation model is to find
the relationship between the baseline variables proposed by CB-DNN as important variables
that can predict the 1-year EPIC-26 values, and 1-year EPIC-26 output values. Therefore,
time lags in each BN model include a one year lag in the effect of variables extracted by
CB-DNN on 1-year EPIC-26 output values. Baseline variables extracted by CB-DNN are
reported in Table 4.2, 4.3, 4.4, 4.5 and 4.6, for UI, UIO, B, S and H, respectively. As I only
need the arcs which end up to 1-year EPIC-26 value, I do not need the latent variables to
reduce the conditional probability tables (CPTs) for the BN. However I applied some minor

changes on BN learning process to get the best explanation results for proposed model.

Algorithm 1: Greedy Bayesian network Algorithm

Input: a data set D from X, an initial DAG G (usually the empty DAG),
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Schwarz Information Criterion as score function Score(G, D)

Output: the DAG G4, that maximises Score(G, D)

1. Compute the score of G, Sg = Score(G, D).
2. Set Spaz =S¢ and Gae =G
3. Hill climbing: repeat while S,,,, increases:
e for every possible arc addition, deletion or reversal in G,,q, that the arc ends up to the 1-year
follow-up EPIC-26 domain value and resulting in a DAG:
(a) compute the score of the modified DAG G*, Sg- = Score(G*, D):
(b) if Sg > Spasx and Sg« > Sg, set G = G* and Sg = Sg-.

o if Sg > Shax » set Spmax = Sg and Ger = G.

4. Tabu search: for up to Tabu list size:

e repeat step 3 but choose the DAG G with the highest Sg that has not been visited in the last

Tabu list size steps regardless of Sy,qz;

o if Sg > Siaz » set Spmaz = Sg, and G4 = G and restart the search from step 3.

5. Max-min hill climbing: First add an arc from most important variable extracted by CB-DNN to
its correspondence EPIC-26 domain to the DAG G with the highest Sg from step 4, then for every
arc X; in it:

e PCx, = MMPC (X, D) [159]

e repeat step 3 but for arc addition only add ¥ — X; if X, is in PCx,

The implementation of BN learning which is proposed in this study for explaining the
results of the CB-DNN is shown in Algorithm 1. Steps 1 and 2 are initialisation phases
followed by a hill climbing search (step 3), which is then refined with Tabu search [53][131] in
step 4 and Max-min hill climbing (MMHC) [159] in step 5. The variations of each algorithm
have been used in large parts of the literature on score-based BN structure learning [46][159].
Arc additions and deletions is being used in hill climbing to explore the neighbourhood of

the current candidate to find if there is any DAG that increases the score over G,,... Being
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an optimisation heuristic, hill climbing cannot guarantee theoretically that G,,.. is a global
maximum. In order to escape from local maximum, tabu search is applied. This greedy
search tries to move away from G,,., by allowing additional local moves (up to tabu list
size). If a new DAG with a score larger than G, is found in the process, that DAG is
taken as the new G, and it reverts to hill climbing in step 3. There is a possibility that no
such DAG is found by tabu search. MMHC then tries again to escape the local maximum
by first adding a mandatory arc from the most important variable extracted in CB-DNN
part to the outcome of interest and then updating as follows. MMHC algorithm can be
categorized as a hybrid method [159]. It combines two main approaches exist for learning
BNs, search-and-score approach [24] and constraint-based approach [146]. It first use a local
discovery algorithm to learn the skeleton of BNs and then a greedy Bayesian-scoring hill-
climbing search. If the DAG that was resulted with tabu search, if any, was indeed the global
maximum, the assumption is that MMHC will also identify it as the optimal DAG, in which
case the algorithm terminates. For sake of complexity and considering the objective of this
study, I treat the proposed model in a way that keeping only arc for x; — E in which x; is
any of the baseline variables extracted from CB-DNN and E is the EPIC-26 domain which
the current BN is trained for. In some cases those that end up in the final structure might

have dependency between themselves.

4.4 Results

CB-DNN determines important variables at the global level (i.e. per patient group), while
BN can provide reasons at individual patient level. By combining the global and local
method, I achieve the objective of the research: to make good HRQoL prediction for 1-year
follow-up with high R? score while maintaining decent degree of interpretability. In the
following sections I show a comparative analysis of the proposed methods, which helps both

physicians and patients to understand the results and get the right insights towards better
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Figure 4.1: R-squared between predicted and actual values in EPIC-26 domains. EPIC-26
Domains are a) Ul (urinary incontinence) b) UIO (Urinary Irritative/Obstructive) c¢) Bowel
d) sexual and e) Hormonal.

Table 4.2: Top 10 important variables from baseline visit selected by deep neural network
for predicting 1-year follow-up Urinary Incontinence along with their definitions

Variable Definition Type
eq_004 Usual activities Ordinal
ep.012 How big the problem of Increased frequency of bowel movements, if any, Ordinal

has been for you?
During the past month, how many times did you most typically

ip-008 get up to urinate from the time you went to bed at night until Ordinal
the time you got up in the morning?
ib_035 Number of positive cores biopsied from LA Ordinal
in.029 . Relation (?f the family n{lember dlagnosed (If anyone Nominal
in your family has been diagnosed with prostate cancer)

How would you describe the FREQUENCY of your erections .
ep-020 during the last 4 weeks? Ordinal
ip_007 In the past month, how often.have you had to push or stain Ordinal

to urinate?
%008 Which type of medications, Vltf.chms or herbal supplements Nominal
are you taking now?
im_001 Bone scan? Binary
in_002 How would you classify your race? Nominal
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Table 4.3: Top 10 important variables from baseline visit selected by deep neural network
for predicting 1-year follow-up Urinary Irritative/Obstructive along with their definitions

Variable Definition Type
ib_064 %of first RMZ core involved Numerical
ib_056 Number of positive cores biopsied from RA Ordinal
ep.015 How big the problem of Abdominal/Pelvic/Rectal pain, if any, Ordinal

has been for you?

How would you describe the FREQUENCY of your erections .
ep-020 during the last 4 weeks? Ordinal
in_016 Have you ever been diagnosed with chronic liver disease? Binary

Overall, how would you rate your ability to function sexually .
ep-021 during the last 4 weeks? Ordinal
ib 011 Gleason secondary grade Ordinal
in_ 012 Have you ever been diagnosed with cerebrovascular disease? Binary

How would you describe the usual QUALITY of your erections .
ep-019 during the last 4 weeks? Ordinal
in_009 Have you ever been diagnosed with congestive heart failure? Binary

Table 4.4: Top 10 important variables from baseline visit selected by deep neural network
for predicting 1-year follow-up Bowel along with their definitions

Variable Definition Type
ib_042 Number of positive cores biopsied from LMZ Ordinal
ib_029 Intraductal carcinoma Binary
ib_020 High Grade PIN Binary
ib_071 %of first RB core involved Numerical
in_018 Have you ever been diagnosed with Hemiplegia? Binary

How would you describe your ability to reach orgasm (climax) .
cp-018 during the last 4 weeks? Ordinal
ib_013b Total cores collected Numerical
ep012 How big the problem of Increased frequency of bowel movements, if any, Ordinal

has been for you?
. Relation of the family member diagnosed (If anyone .
in-029 in your family has been diagnosed with prostate cancer) Nominal
ib_006 DRE findings (part of biopsy-diagnostic variables) Binary
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Table 4.5: Top 10 important variables from baseline visit selected by deep neural network
for predicting 1-year follow-up Sexual along with their definitions

Variable Definition Type

How would you describe your ability to reach orgasm (climax) .
ep-018 during the last 4 weeks? Ordinal
ib_008 Gland volume Numerical
in_ 011 Have you ever been diagnosed with Dementia? Binary
in_009 Have you ever been diagnosed with congestive heart failure? Binary

How would you describe your ability to have an erection :
ep-017 during the last 4 weeks? Ordinal
in_017 Have you ever been diagnosed with Diabetes? Binary
ep.013 How big problem of Losing control of your stools, if any, Ordinal

has been for you?

How big the problem of Breast tenderness/enlargement, if any, :
ep-024 has been for you during the last 4 weeks? Ordinal
ib_064 %of first RMZ core involved Numerical

How big the problem of Hot flashes, if any, :
cp-023 has been for you during the last 4 weeks? Ordinal

Table 4.6: Top 10 important variables from baseline visit selected by deep neural network
for predicting 1-year follow-up Hormonal along with their definitions

Variable Definition Type
ib_008 Gland volume Numerical
in 027 Have you ever been diagnosed with HIV infection? Binary
eq-002 Mobility Ordinal
ip_006 In the past month how often have you had a weak Ordinal

urinary stream?
ep.014 How big the problem of Bloody stools, if any, Ordinal
has been for you?

Which of the following best describes your urinary control .
ep-003 during the last 4 weeks? Ordinal
ep.011 How big the problem of Urgency to have a bowel movement, if any, Ordinal

has been for you?
ip.007 In the past month hoW often .have you had to push Ordinal
or stain to urinate?
ib_051 %of second LB core involved Numerical
in_008 Have you ever been diagnosed with Myocardial infarction? Binary
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Figure 4.2: Bayesian networks explanation for Urinary Incontinence (UI). eq 004 (Usual
activities?) has the following options:1, I have no problems doing my usual activities | 2, I
have slight problems doing my usual activities | 3, I have moderate problems doing my usual
activities | 4, I have severe problems doing my usual activities | 5, I am unable to doing my
usual activities. im_-001 (Bone scan?) has the following options: 1, yes | 2, No.

P[(UI* < mean) | | P[(UI” >= mean) |
@ im_001* | eq_004* im_001,eq_004] im_001,eq_004]

@ (unhappy) (happy)
T 0.24 0.76
2 0.42 0.58
1 3 0.11 0.89
4 0.30 0.70
5 1.00 0.00
1 0.25 0.75
2 0.35 0.65
2 3 0.67 0.33
q 1.00 0.00

5 No Data No Data

aBaseline visit value. P1-year follow-up value.

treatment options and outcomes. In this section, I first show the variable importance results
and model fitting obtained from CB-DNN; then I evaluate the performance of BN method
by presenting individual explanations for the patients by extracting the relationship between

variables; finally I summarize the top explanations/reasons for both approaches.

4.4.1 Clustering-based Deep Neural Network (CB-DNN) Results

Initially I have 2,670 patients which have a prior PCa diagnosis data in the data set, after
filtering pre-treatment factors with other required pre-processing, as explained in section
7?7 the data set becomes 1214 patients with 433 variables. The final neural network model
includes a total of 1214 patients who have both baseline visit data and 1-year follow-up
data. The predictive model, in which I use baseline visit data extracted by CB-DNN to
predict 1l-year follow-up data, has good performance which the average R-squared (R?)
value of 0.74 on the test data. The performance metrics of predictive model (i.e. R-squared
value) on the testing data are shown on Fig. 4.1. Given the proposed solution which is
regression prediction (i.e. predicting the continuous value of the output variable) not only

classification prediction, and given that only pre-treatment variables are used to predict
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Figure 4.3: Bayesian networks explanation for Urinary Irritative/Obstructive (UIO). ep_015
(Abdominal/Pelvic/Rectal pain?) has the following options: 1, No problem | 2, Very small
problem | 3, Small problem | 4, Moderate problem | 5, Big problem. ib_064 (% of first RMZ
core involved?) is a numerical variable which those less than the mean and greater than the
mean are labeled with 0 and 1 respectively.

P[(UIO® < mean) | | P[(UIO® >= mean) |
) ib_064* | ep_015® |  ib_064,ep_015] ib_064,ep_015]
@ (unhappy) (happy)

1 0.16 0.84

2 0.32 0.68
0 3 0.57 0.43

4 0.25 0.75

D 0.50 0.50

1 0.18 0.82

p) 0.48 0.52

1 3 0.67 0.33

1 0.71 0.29

5 0.50 0.50

aBaseline visit value. P1-year follow-up value.

post-treatment HRQoL values, and furthermore managing to improve data reduction (in the
variable extraction step), maintaining the accuracy level with average R? value of 0.74 would
be acceptable.

The top 10 important variables selected by CB-DNN for EPIC-26 domains are reported
in Table 4.2, 4.3, 4.4, 4.5 and 4.6, for Ul, UIO, B, S and H, respectively. The top variable
from baseline which are predictable for 1-year follow-up for each of the EPIC-26 domains
are the following questions: a) Urinary Incontinence: Usual activities? (Answer is one
of the following options: 1, I have no problems doing my usual activities | 2, I have slight
problems doing my usual activities | 3, I have moderate problems doing my usual activities
| 4, T have severe problems doing my usual activities | 5, I am unable to doing my usual
activities) b) Urinary Irritative/Obstructive: %of first RMZ core involved? (Answer is
a numerical value) ¢) Bowel: Number of positive cores biopsied from LMZ? (Answer is one
of the following options: 1, 1 | 2, 2 | 3, Fragmented core tissue) d) Sexual: How would you
describe your ability to reach orgasm (climax)? (Answer is one of the following options: 1,
Very poor to none | 2, Poor | 3, Fair | 4, Good | 5, Very good €) Hormonal: How much is
your Gland volume (cc)? (Answer is a numerical value)

These variables reflected by these questions point to the most important variable ex-
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Figure 4.4: Bayesian networks explanation for Bowel (B). ib_042 (Number of positive cores
biopsied from LMZ?) has the following options: 1, 1| 2, 2 | 3, Fragmented core tissue. ep_012
(Increased frequency of bowel movements?) has the following options: 1, No problem | 2,
Very small problem | 3, Small problem | 4, Moderate problem | 5, Big problem.

P[(Bowel” < mean) | | P[(Bowel® >= mean) |
ib_042* | ep_012? ib_042,ep_012] ib_042,ep_012]

(unhappy) (happy)
1 0.01 0.99
e 2 0.35 0.65
) 1 3 0.92 0.08
! 1.00 0.00
5 1.00 0.00
T 0.02 0.98
2 0.46 0.54
2 3 1.00 0.00
4 1.00 0.00

5 No Data No Data
1 0.00 1.00
2 1.00 0.00

3 3 No Data No Data

4 No Data No Data

) No Data No Data

2Baseline visit value. P1-year follow-up value.

tracted by CB-DNN out of "400 variables which is predictable for each of the EPIC-26
domain. For example, the model discovered the ability to reach orgasm in baseline visit
is the most predicable variable for 1-year follow-up in terms of Sexual quality of life. The
results which are presented may vary in a different hospital and with different variables saved
in patients databases. Hospital administrators may use their own database to obtain insights

from the proposed method.

4.4.2 Bayesian network-based Explanation Model Results

In personalized healthcare, keeping track of patient medical history or even extracting im-
portant variables which can predict the outcome of interest are not the only objective for
medical practitioners to maintain. But also they need to know the interaction between the
important variables and the outcome of interest. Using the idea behind Bayesian network,
practitioners can analyze the results from previous step and record patient’s important vari-
able for enhancing patient’s quality of life. In addition, through necessary corrective actions,
practitioners can get insights from the interaction between the variables in the past and

provide better service for future patients. I applied the proposed hybrid Bayesian network
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Figure 4.5: Bayesian networks explanation for Sexual (S). ep_017 (How would you describe
your ability to have an erection during the last 4 weeks?) has the following options: 1, Very
poor to none | 2, Poor | 3, Fair | 4, Good | 5, Very good. ep_018 (How would you describe
your ability to reach orgasm (climax) during the last 4 weeks?) has the following options:
1, Very poor to none | 2, Poor | 3, Fair | 4, Good | 5, Very good.

P[(Sexual® < mean) | | P[(Sexual® >= mean) |
ep 017* | ep_018* ep_017,ep 018] ep_017,ep_018]
(unhappy) (happy)
1 1.00 0.00
2 1.00 0.00
1 3 No Data No Data
4 No Data No Data
5} 0.33 0.67
1 1.00 0.00
2 0.98 0.02
2 3 1.00 0.00
4 0.86 0.14
5 0.75 0.25
1 1.00 0.00
2 1.00 0.00
3 3 0.82 0.18
4 0.39 0.61
5 0.25 0.75
1 No Data No Data
2 1.00 0.00
4 3 0.40 0.60
4 0.02 0.98
5 0.00 1.00
1 No Data No Data
2 1.00 0.00
5 3 0.00 1.00
4 0.04 0.96
5 0.00 1.00

2Baseline visit value. P1-year follow-up value.

model to all the patients but now only considering the top 10 variables from baseline visit
extracted by CB-DNN and the 1-year follow-up EPIC-26 outcome variables to provide causal
explanations for the relationship between the extracted variables and outcome of interest.
Given that EPIC-26 outcome is a continues value between 0 and 100, I need to quantify it
before applying the Bayesian network model. So I have divided the patients in to happy
and unhappy groups based on their EPIC-26 outcome values. I call them unhappy because
they are the ones with EPIC-26 value less than the mean value of the patients EPIC-26
values excluding those with the value of 100. Looking at test data in Fig. 4.1, which the
distribution of the data is the same as whole data set, I see that the data set is imbalanced
in terms of the number of patients with their EPIC-26 value is 100. Therefore, to calculate

the mean value for each of the domains in EPIC-26 I have excluded those that the number
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Figure 4.6: Bayesian networks explanation for Hormonal (H). eq.002 (Mobility?) has the
following options: 1, I have no problems in walking about | 2, I have slight problems in
walking about | 3, I have moderate problems in walking about | 4, I have severe problems
in walking about | 5, I am unable to walk about. ib_008 (Gland volume?) is a numerical
variable which those less than the mean and greater than the mean are labeled with 0 and
1 respectively.

P[(Hormonal® < mean) | | P[(Hormonal® >= mean)]
eq.002? | ib_008? eq_002,ib_008] eq_002,ib_008]
(unhappy) (happy)
1 0 0.11 0.89
1 0.09 0.91
9 0 0.28 0.72
1 0.33 0.67
3 0 0.35 0.65
1 0.50 0.50
4 0 0.78 0.22
1 1.00 0.00
5 0 1.00 0.00
1 1.00 0.00

aBaseline visit value. P1-year follow-up value.

of their EPIC-26 is 100. The happy group is defined as the ones who their EPIC-26 value is
more than mean of the patients EPIC-26 values excluding those with the value of 100. For
each of the 5 domains in EPIC-26, I build a Bayesian network to capture the relationship of
most important variables which impact patients quality of life/EPIC-26 value after 1 year.
The Bayesian network models produce two outcomes which impact the patient’s EPIC-26
value. The results are shown in Figs. 4.2, 4.3, 4.4, 4.5 and 4.6, for Ul, UIO, B, S and H,
respectively. The Bayesian networks in these figures only show the interaction between two
extracted variables and the outcome of interest, the rest of the interactions do not affect-
ing the EPIC-26 analysis are excluded. The Bayesian network results help both medical
practitioners and patients to understand the relationship between the predicted outcome in
baseline visit and quality of the life for the patients after 1 year. It is worth mentioning that
when the Bayesian network model is ready, I can start inferring to have answers in terms of
probability for our questions or concerns. Now I am taking Hormonal domain as an exam-
ple. From the CB-DNN model, the R-squared value that 10 extracted variables from baseline
visit can predict the patients Hormonal severity value after 1 year is 0.71. In Fig. 4.6, the
BN identified 2 locally important variables which can explain how these variables in baseline

visit can affect their 1-year follow-up severity.
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After inferring the Bayesian network learned for Hormonal, of these 2 variables (i.e.
eq-002 (Mobility?) and ib_008 (Gland volume?)), I can see that those that their mobility
(eq_002) is better have less probability to be unhappy for their hormonal dysfunction after
one year. As such, if they have no problems in walking about (option 1 for eq_002) the
probability to be unhappy after 1 year is only 0.1, while the probability for those who have
moderate problems in walking about (option 3 for eq_002) is 0.38.

Note that although the Hormonal variable is conditioned on 2 variables, I perform the
query based on the evidence which is available on only one variables (eq_002). It is straight-
forward to make our evidence richer by asking more specific question for individual patients.
Table 4.7 depicts the results for what-if analysis to build scenarios on 5 randomly selected
patients which are unhappy after 1 year in UI, UIO, B, S and H. For example, considering
patient V (the fifth patient), the proposed Bayesian network method identified two locally
important variables in baseline visit which can explain why patient V is unhappy in terms of
hormonal quality of life after 1 year. After inspecting the current values of these 2 variables,
I can see that this patient has a gland volume greater than mean (option 1 for ib_008) and
have moderate problems in walking about (option 3 for eq_002). After performing What-If
analysis, the BN shows that if patient V answered 1 (i.e. I have no problems in walking
about) instead of 3 for question eq 002, the chances that he would be happy after 1 year
for his hormonal quality of life would increase by 30%. I can better explain the impact of
the extracted baseline visit variables with CB-DNN on patient’” unhappiness by using this
scenario-based what-if analysis that BN provides. As mentioned earlier, in this study, I am
using baseline variables which are pre-treatment. However, the use of such a tool is not only
useful for pre-treatment suggestion but can also be directly transferred to explain treatment
related variables in a way to predict which treatment might help to improve HRQoL out-
comes. The practitioners and patients can use these guidelines for future corrective measures
and actions.

By comparing the top variables between two methods in Table 4.8, I figured that BN has
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Table 4.7: What-if analysis scenarios for five patients.

EPIC-26 State Influential Current . Changes in
. . What-if EPIC-26
Variable Name Variable Value .
Variable
Urinary A eq_004 2 2 -—>1 + 12%
Incontinence B im_001 2 2 —>1 + 3%
(Patient I) eq-004 2 2->1
A and B im. 001 9 9 >1 + 24%
Urinary C ib_064 3 3—>1 + 45%
Irritative D ep_015 1 1-—>0 + 4%
/Obstructive ib_064 3 3-—>1
(Patient IT) Cand D ep.015 1 1->0 +56%
Bowel E ib_042 3 3-—>1 + 3%
o F ep 012 2 2 >1 + 55%
(Patient III) -
E and F ib_042 3 3-—>1 + 997
o ep 012 2 2 >1 ’
g 1 G ep 017 2 2 —>3 + 21%
A H ep 018 2 2 >3 + 33%
(Patient IV)
G and H ep 017 2 2—>1 4 16%
§ ep 018 2 2 >1 °
Hormonal I eq_002 3 3—>1 + 30%
. ib_008 1 1-—>0 0%
(Patient V)
I and J eq-002 3 3—>1 4 39%
o ib_008 1 1 >0 ’
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changed the ranking among those 10 variables extracted by CB-DNN. This suggests us that
although some variables might be important in terms of predictability power they have, it
cannot be guaranteed that they will have the same rank in terms of explainability power
which is suggested by Bayesian network. Finding of this study provides solutions to peek
inside the proposed black box and not only extracting the variable importance in a novel

way for longitudinal data, but also make the results interpretable.

Table 4.8: Variable importance ranking comparisons between global algorithm CB-DNN and
local Bayesian networks.

Variable Importance Variable Importance

EPIC-26 Variable Ranking from Bayesian Ranking by Deep

Networks Results. Rank 1 is: Neural Network
Urinary im_001 Rank 9

Incontinence
Urinary

Irritative/Obstructive ep-015 Rank 3
Bowel ep-012 Rank 8
Sexual ep-017 Rank 5
Hormonal eq-002 Rank 3

4.5 Remarks, Limitations and On-going Work

Longitudinal data provides an excellent opportunity to study PCa patient’s treatment sat-
isfaction and HRQoL related outcomes over time. However, the analysis of such data (i.e.
pre-processing and designing of predictive and interpretable models) is a challenging task due
to the complex and hidden data structures, unevenly spread out visits (i.e. not all patients
are evaluated at exactly the same time), missing data, and mixtures of time-varying and
static measures that may affect the outcome in a non-linear complex relationships. Most
of the literature focused on increasing the predictive power of the prediction models with-
out investigating the ability of the model to explain the prediction. The contribution of
this study is designing a model to predict the 1-year follow-up outcomes for the PCa pa-

tients with the highest degree of predictive power and with a decent ability to describe the
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predicted outcomes in terms of the most important influential input collected in the data
set. This description will help practitioners and patients to share decisions about patient
treatments that might affect certain aspects of their daily life routine and eventually their
quality of life. Popular predictive models interpretation methods such as Local Interpretable
Model-agnostic Explanations (LIME) technique, do not provide explanations of the predicted
outcome based on nonlinear relationship. For example, LIME explains the predictions of a
given classifier by learning a linear model locally around the prediction. The output of LIME
is a list of explanations, describing the effect of each variable on the prediction of a data
sample. This provides linear local interpretability, and it also allows to determine which
variable changes will have the most impact on the prediction. The LIME is trained on small
perturbations of the original instance and should only provide a local approximation. This
presents a severe limitation of this method as it holds itself to the quality of the very nearby
data points form a linear relationship.

However, in reality, the linear relationship is seldom found especially in the case of lon-
gitudinal data with such a complex structure of the data set under test (APCaRI data set).
In this study, I adopt the Bayesian network algorithm to learn the hierarchical prediction
explanation based on the most influential factors extracted by the CB-DNN algorithm. The
CB-DNN algorithm provides a better classification per group as it performs stratified pre-
diction that focus on each group of the patients and thus reduce the problem of highly

imbalanced data.

4.6 Summary

Prostate cancer is one of the most complicated cancers that has a high level of unexplained
variability such as urinary incontinence that might affect the patient’s Health-Related Qual-
ity of Life (HRQoL). Being one of the most prevalent cancers worldwide, predicting and

interpreting patient’s treatment satisfaction is a vital step in improving HRQoL. Using 2670
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patients’ information with 433 measures per patient, my objective is to identify the minimal
set of important variables which can predict 1-year follow-up HRQoL for prostate cancer
patients. Given that both accuracy and interpretability are important criteria in healthcare
for developing a reliable predictive model, we also need to add interpretability to the pro-
posed model. Usually, complex models such as deep neural network which is part of the
proposed approach can achieve high prediction accuracy but mostly black box, so they do
not have enough interpretation to their prediction results. In this study, we address these
problems (i.e. high accuracy and interpretable prediction model) by firstly developing deep
neural networks on top of a clustering algorithm to extract minimal set of important vari-
ables of baseline visit. Secondly, we build a model to predict a 1-year follow-up of HRQoL for
prostate cancer patients using the extracted important baseline variables. Thirdly, we utilize
Bayesian networks method to provide insights into the proposed prediction model results to
discover the relationship between patient variables and their satisfaction that can be used to
explain the model prediction to a user (i.e. patient or a physician). The results support the
use of the proposed machine learning technique as an essential tool in identifying potential
variables for predicting 1-year HRQoL. Furthermore, the proposed approach to interpret the
findings will help to establish guidelines for a better shared decision-making platform for

patients with prostate cancer.
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Chapter 5

Investigating NLP-based Approaches
for Predicting Manual Test Case

Failure

To address the problem described in section 1.1.3, this chapter is organized as follows: My
proposed NLP-based method for test case prediction has been presented in Section 5.1. 1
have explained the experiments and results in Section 5.2 and finally, Section 5.3 concludes

the chapter and present a summary.

5.1 Approach

In this section, I explain the NLP-based approach for test case failure prediction, as per
Fig. 5.1, by first encoding the test cases using the mined features and then applying the

prediction technique on the encoded test cases.
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Figure 5.1: Overview of our approach

5.1.1 Test Case Encoding

A manual test case is typically a document that details the sequence of actions that testers
need to take and the outputs they are expected to observe. A sample test case (only the
instructions, not the expected outputs) is shown in Table 5.1 from Mozilla Firefox Mobile
v16 (which also appears in v17, v18 and v27). In the absence of code and specification,
my encoding’s objective is to represent each test case as a set of GUI elements that are
exercised/covered when the test case is executed.

The first step toward this objective is to extract the GUI elements from the test case’s
textual instructions. This can of course be done perfectly manually, but to do it automatically
we need some assumptions and estimations. In this study, each noun is assumed to be an
element of the GUI under test including the menus and sub-menus and their states that all
need to be covered. For example, for the test case that is represented in Table 5.1 the list of
nouns are <fennec, portrait, mode, device, landscape, mode, device, portrait, mode>

As it can be seen, all nouns except fennec, which refers to the browser itself, are valid
estimations. Intuitively, we can guess that this estimation approach has a reasonable preci-
sion and very high recall, since if a test case exercises a GUI element or its state it’s very
likely that the test directly uses the element’s or it’s state name in the testing instructions
(assuming that the test designers don’t create very vague test cases).

In my experiment, I first preprocess all the test cases by excluding all URLs, special
characters and numbers; typical preprocessing in standard text-mining [92]. Further, I split
words, based on camel case and underscore, remove stop words, and stem multiple forms of

the same word in one form. I use the Stanford Maximum Entropy Tagger [156] to extract
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nouns from the entire test suite. I ignore the sub-classifications of nouns and keep only words
that are tagged as any sort of noun. Table 5.2 shows the tagging results for the sample test
case of Table 5.1. Finally, each test case is represented as a set of nouns that are identified

by the POS tagger.

5.1.2 NLP-based Prediction Models

My prediction models are LR, NLR and NN with two features. The first feature is based on
the traditional history-based feature and the second feature is the GUI coverage of the test
cases (estimated by nouns). To calculate the above features I follow the following steps:

Step 1: Calculate the history-based measures

e Simple History (SH): Assign value ONE to the test cases of this version if they passed
in the immediate previous version assign value ZERO to the previously failed or new

test cases.

e All History (AH): Assign the average of SH values in all previous versions. This measure

considers the entire history rather than just the immediate version (SH).

e Weighted History (WH): Assign weighted average (as opposed to simple average of AH
measure) of SH values in all previous versions with more importance on recent versions

(decremental weights when starting from the newest release).

Step 2: Calculate the GUI coverage measure

Tag all words in all test cases using a POS tagger and keep only the nouns.

Represent each test case using its nouns. I call each of these nouns as the unit of

representations.

Traverse the entire test suite to find unique units.

Calculate TF-IDF of each unit per test case.
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e Assigned to each test case a measure which is the sum of TF-IDF of all unit’s of the

test case divided by the number of units in that test case.

Note that the sum of TF-IDFs basically looks at the coverage of the test as a whole
without focusing on individual units.

To have a more clear idea about the process of the TF-IDF measure, let’s see a sample
test suite. Assume we have four test cases. The algorithm first tags all the test cases in a

test suite and represents the test cases in the form of vectors of nouns, as below.

Testl = < fennec, portrait, mode, device, landscape, mode, device,
portrait, mode>

Test2 = <news, article>

Test3 = <menu, settings, desktop, firefox, preferences, code, fennec,
matriz, desktop>

Testd = <menu, settings, firefor>

I then traverse through the test cases and compute the TF-IDF of all unique nouns per
test case as in Table 5.3. Next, I calculate the sum of the TF-IDF for all the nouns in each
test case and then divide it by the number of nouns in that test case. For example, feature

vector and normalized TF-IDF of the first test case described in Section III are as below:

Testl = < fennec, portrait, mode, device, landscape, mode, device,

portrait, mode>

Test1 Normalized-TF-IDF":
(0.0340.13+0.2+0.1340.06 + 0.2+ 0.134+0.13+0.2) /(9 + 1) = 0.121
Finally, I use LR, NLR and NN algorithms to predict the PASS or FAIL for the test cases

of each release using the history-based and the TF-IDF measures, as explained. To train
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Table 5.1: A real test case from Mozila Firefox mobile version 16
] Test Case ID:1206, Product: Mobile, Version:16 \

Steps to Perform

1.  Launch fennec while in portrait
mode.

2. Rotate the device to landscape
mode.

3. Rotate the device back to portrait
mode.

the models, these two measures should be calculated for each test case on a learning set (on
all releases before the release under study). For each test case in the learning set, I assign a
PASS or FAIL label, based on the actual test execution results in that release. The trained
model then will be used in the the current release, to predict test failure using the current
TF-IDF and history-based measures, per test case.

In the next section, I will apply this approach on real-world test suites.

Table 5.2: Real tagged test case from Mozila Firefox mobile version 16
’ Test Case ID:1206, Product: Mobile, Version:16 ‘

Tagged Steps

1. fennec/NN portrait/NN mode/NN.

2. device/NN  landscape/NN

mode/NN.

3. device/NN portrait/NN mode/NN.

5.2 Empirical Study

In this section, I explain the evaluation of the proposed test case prediction techniques, in

the context of an experiment.
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Table 5.3: Noun TF-IDF for test 1
Noun TF-IDF

fennec 0.03
portrait 0.13
mode 0.2

device 0.13

landscape 0.06

5.2.1 Experiment Design
Objective

The objective of this experiment is to evaluate the effectiveness of the proposed NLP-based
test case prediction techniques, in terms of prediction accuracy. The goal is to improve the

state-of-practice (traditional history-based approach) for test case failure prediction.

Research Questions

I have formulated the objective of this study as the following research questions:

RQ1: Can a basic NLP-based test case prediction method improve the effec-
tiveness of a traditional history-based test case prediction method? In this research
question, I compare the prediction accuracy of the proposed NLP-based Linear Regression
method with a simple history-based measure.

RQ2: Does looking at the entire history, when collecting the history-based
measure, improve the prediction accuracy? In this research question, I upgrade the
simple history-based measure (SH), which assumes the history only consists of the last ver-
sion, to use the entire history (all previous versions). The two proposed new measures are
All History (AH) and Weighted History (WH). AH considers an equal importance to the
entire history but WH assigns more weight to more recent versions. This research question
is divided into two sub-questions to evaluate SH, AH, and WH on the baseline and Linear
Regression approach, separately.

RQ3: Among basic prediction approaches which one provides higher accuracy,
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Table 5.4: Systems under test: Mozilla Firefox Desktop, Mobile and Tablet.

Type Firefox Release | Release date | No. of tests | No. of faults | Failure rate
Firefox 3.0 Dec-06 580 127 21.90%
Firefox 3.5 Jul-07 766 138 18.02%
Desktop Firefox Releases (TR) Firefox 3.6 8,/2009 828 88 10.63%
Firefox 4.0 2/2010 997 150 15.05%
Firefox 5.0 4/2011 1055 6 0.57%
Firefox 6.0 4/2011 1119 4 0.36%
Firefox 7.0 5/2011 1111 4 0.36%
Firefox 8.0 7/2011 1119 7 0.63%
Desktop Firefox Releases (RR) Firefox 9.0 8/2011 1114 4 0.36%
Firefox 10.0 9/2011 1108 12 1.08%
Firefox 11.0 11/2011 1121 3 0.27%
Firefox 12.0 12/2011 1121 2 0.18%
Firefox 13.0 2/2012 1189 4 0.34%
Firefox 16 Jun-12 364 79 21.70%
Firefox 17 Aug-12 367 72 19.62%
Firefox 18 Aug-12 366 87 23.77%
Firefox 19 Oct-12 388 76 19.59%
Firefox 20 Nov-12 381 95 24.93%
Firefox 21 Jan-13 389 72 18.51%
. . Firefox 22 Feb-13 423 79 18.68%
Mobile Firefox Releases Firefox 23 Apr-13 426 76 17.84%
Firefox 24 May-13 476 82 17.23%
Firefox 25 Jul-13 514 83 16.15%
Firefox 26 Aug-13 343 50 14.58%
Firefox 27 Sep-13 434 84 19.35%
Firefox 28 Nov-13 380 28 7.37%
Firefox 29 Dec-13 293 21 717%
Firefox 16 Jul-12 368 77 20.92%
Firefox 17 Aug-12 372 7 20.70%
Firefox 18 Sep-12 377 98 25.99%
Firefox 19 Oct-12 385 76 19.74%
Firefox 20 Nov-12 391 62 15.86%
Firefox 21 Jan-13 390 67 17.18%
. Firefox 22 Feb-13 396 74 18.69%
Tablet Firefox Releases Firefox 23 Apr-13 446 88 19.73%
Firefox 24 May-13 448 42 9.38%
Firefox 25 Jul-13 490 82 16.73%
Firefox 26 Aug-13 333 50 15.06%
Firefox 27 Sep-13 372 61 16.40%
Firefox 28 Nov-13 345 39 11.30%
Firefox 29 Dec-13 319 31 9.72%
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when used with the NLP-based features, for test case failure prediction? In this
research question, I investigate the effect of the prediction approach, on test case failure

prediction. I use three basic and simple models for this comparison: Linear Regression

(LR), Nonlinear Regression (NLR), and Neural Network (NN).

Dataset

In this study, I use a data set of 3 Mozilla Firefox projects (Desktop, Mobile and Tablet).
The data for these projects are collected from two previously published work on Mozilla
Firefox’s manual test suites [62], [63]. The Desktop test suites were collected from the test
cases of versions 5 to 13 of Firefox Desktop and their execution results. This project was
managed by a web-based system known as Litmus. The Mobile and Tablet test suite are
collected from a test management tool called Moztrap. These are test cases for versions 16
to 29 of Firefox Mobile and Tablet. Except in the first four versions of Desktop, the rest
of releases follow rapid release strategy. The implication of that in this study is that the
releases are small with limited changes and failure per release. There are also a lot of overlap
in test suites of consecutive versions.

Table 5.4 shows the characteristic of the 13 (four traditional and nine rapid) releases of
Desktop Firefox, 14 releases of Mobile Firefox and 14 releases of Tablet Firefox.

In both Litmus and Moztrap, there are records of each test execution. Each test has
been executed several times by perhaps different testers. To assign a PASS or FAIL label to
test cases, I first exclude unsuccessful executions of tests that are labeled as erroneous test,
no PASS or no FAIL in the test report. After this cleaning step, a test case is considered
as PASS only if all valid executions of the test, in that version, were passed. Therefore, a
test case is considered as FAILED if there is at least one failed execution, assigned to that
test case, in that version. The test execution reports also identify the bug ¢d which let us
identify unique faults and assign each test case to the unique fault(s) that it can detect.

In this study, the results are reported starting from the third version per project. This
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is due to the fact that each prediction requires a training dataset (previous version) and the
history measures per test case in the training set themselves need at least one release, as

history. Thus the first version to predict the result for will be the third release per project.

Comparison Baseline

The baseline in this study is a simple history-based method (called SimpleHistory-BaseLine
or SH-BL, from now on). Basically, I predict the test cases that fail in the previous version
to fail again and those that passed previously to pass again. I also predict the new tests
(does not exist in the previous version) as fail, to give them a chance to be executed, in the
new release. Note that in our dataset, percentages of new test cases from a given release to
the next one is typically very low (ranges from 0.3% to 13% in Tablet — 1% to 13% in Mobile
—0.1% to 6% in Desktop Rapid Release, but 12% to 29% in Desktop Traditional release).
The SH-BL prediction method is the foundation of many test case prioritization approaches.
Despite its simplicity this approach works very well in regression testing, specially when the
releases are frequent (the changes are limited in each iteration).

Another technique that could be considered here as a baseline of comparison was an
alternative text mining-based approach for extracting features from the textual test cases.
From the existing literature, the only such approach is an LDA-based test failure prediction,
which has shown poor results compared to SH-BL [62][64][154]. Thus I do not consider that
as a baseline.

There are also some techniques which are based on image understanding from the GUI
[42], which could only be applicable if our dataset would include screen-shots and images

per test cases. Therefore, I keep SH-BL as the baseline of comparison .

Normalized-TF-IDF

To calculate the TF-IDF measure, I divide the raw TF-IDFs by the sum of TF-IDFs of all

nouns to normalize the measure, and I call this measure “Normalized-TF-IDF”, which will
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Table 5.5: Accuracy of twelve fault prediction techniques in the Desktop, Mobile and Tablet
Firefox — BL(Baseline), LR(Linear Regression), NLR(Nonlinear Regression), NN(Neural
Network), SH(Simple History), AH(AIl History), WH(Weighted History). For NN Aver-

age(AVG) and Standard Deviation(SD) of 10 runs are reported.
BL LR NLR NN
Type Version . . . SH AH WH

SH AH WH|SH AH WH|SH AH WH Soo——es g S5 AVa 5D
36 |0.51 039 0.60]0.63 047 0.63|0.63 048 063 ] 0.63 008 061 006 058 0.00
40 045 0.54 050 | 0.69 0.67 0.66 |0.69 0.67 0.67| 0.68 0.00 0.64 0.01 0.66 0.00

Desktop (TR)

7.0 0.79 0.81 080089 0.79 0.79|0.79 0.79 0.79 | 079 0.01 0.78 0.01 0.79 0.00
8.0 0.87 0.86 0.86|0.88 0.87 0.88|0.88 0.87 0.88| 0.88 0.01 0.86 0.00 0.87 0.00
9.0 090 085 0.84 085 085 085|091 0.8 085|091 001 086 002 085 0.02
Desktop (RR) 10.0 | 0.85 0.86 0.85|0.87 085 0.85|0.86 0.85 0.85| 0.86 0.01 0.85 0.00 0.85 0.00
11.0 1090 091 091|094 090 091091 090 090| 091 0.01 0.90 0.00 0.90 0.01
120 1091 091 091089 091 091|091 091 091|091 0.01 091 0.00 091 0.00
13.0 1085 0.88 0.85|094 088 0.88|0.88 0.88 0.88]0.88 0.01 0.88 0.01 0.89 0.00
18 083 0.74 0.83|0.80 0.83 0.83|0.80 0.82 0.82]081 001 081 0.02 083 0.02
19 0.82 081 0.77 | 0.86 0.85 0.85|0.86 0.86 0.86|0.80 0.05 0.84 0.05 0.85 0.01
20 085 0.76 0.8310.82 083 084|083 0.82 0.84 083 001 084 000 0.85 0.00
21 0.85 0.80 0.85|0.86 0.87 0.88|0.86 0.87 0.87]0.86 0.01 086 0.01 088 0.00
22 0.87 0.75 0.83 0.8 0.8 0.86|0.86 0.86 0.88]0.87 0.01 087 0.00 0.87 0.00
23 078 0.73 0.77 | 0.82 0.88 0.85|0.83 0.85 0.85|0.84 0.01 086 0.01 085 0.01
24 0.80 0.69 0.76 | 0.88 0.88 0.88|0.88 0.88 0.88]0.87 0.02 088 0.00 0.87 0.00
25 0.83 0.65 0.71|0.88 0.88 0.88|0.88 0.88 0.88]0.88 0.01 0.88 0.00 0.88 0.00
26 0.82 0.61 068|094 094 094|094 094 094|093 0.03 094 0.01 093 0.01
27 090 0.68 0.74 1090 090 090|090 090 090090 001 090 0.00 091 0.00
28 091 063 0.77 1096 097 097096 097 097093 001 096 0.00 096 0.00
29 094 065 082|097 097 097|097 097 097097 0.01 097 0.00 097 0.00
18 0.88 0.83 0.88|0.88 0.89 0.89|0.88 0.89 0.89|0.88 0.01 0.87 0.01 0.88 0.01
19 0.78 0.81 0.76 | 0.79 0.81 0.82|0.79 082 0.82]0.79 005 081 003 081 0.03
20 0.88 0.77 0.80|0.89 0.89 0.890.89 0.89 0.89|0.88 0.01 086 0.01 085 0.01
21 091 083 0.79 1090 0.88 0.88 090 090 091]0.90 0.01 090 0.01 091 0.01
22 0.85 0.75 0.85[0.85 0.84 0.84|0.85 084 085|085 0.01 084 0.02 0.85 0.02
Tablet 23 0.79 0.74 0.76 | 0.87 0.87 0.87|0.86 0.87 0.87]0.86 0.01 085 0.01 085 0.00
24 081 066 0.71 094 094 094093 094 094|093 0.02 092 0.01 092 0.01
25 0.86 0.65 0.71|0.89 0.89 0.89|0.89 0.89 0.89 089 0.01 089 0.00 089 0.00
26 0.83 0.61 0.67 094 094 094|094 094 094094 002 094 001 094 0.00
27 092 064 0741093 093 093093 093 093093 001 093 0.00 093 0.00
28 093 062 081095 095 095|095 095 095095 0.01 095 0.00 095 0.00
29 096 0.66 086|096 096 096|096 096 0.96| 096 0.01 096 0.00 0.96 0.00

Mobile
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be used as one of the two inputs to the prediction models. In addition, in order to avoid a

“Division by zero” in test cases without any noun, I added one to the size of the nouns.

Neural Network Set up

The NN I employ in this study is a simple multi-layer perceptron with only 2 layers containing
10 neurons in hidden layer. The network has 2 inputs, each for (Normalized-TF-IDF, History)
and one output for pass or failing result. I use the logistic function as the activation function
inside the neurons with backpropagation as the learning mechanism. Note that the NN
model is designed to be simple and cheap, so that it is comparable with LR and NLR.
Therefore, tuning NN or using higher levels of hidden layers were not an objective of this

study.

Evaluation Metric

In this study, accuracy of the predictions are used to evaluate the techniques (the proposed

approaches and the baseline) over different releases. The accuracy metric is defined as 5.1:

TP +TN
TP+TN+ FP+ FN

Accuracy = (5.1)

where,

TP True Positive
TN True Negative
FP False Positive
FN False Negative.

To compare the accuracy values of the baseline and the proposed approaches, I apply a non-
parametric significant test, a matched pair Wilcoxon’s signed rank test [93], to determine if

the difference between the accuracy results are statistically significant or not. After applying

83



-
1

o o]

o9t 0,00 60 ° hd

o @ (@] @]
o] 0800 oo ] S

0.8 o o ©° © o©

0.7
.. 06
8 SH-LR
g |lo X
<

o
IS
T

o
w
T

o
o
T

o
T

1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 I

364 7 8 9 1011121318 1920 21 22 23 24 25 26 27 28 29 18 19 20 21 22 23 24 25 26 27 28 29

Desktop Version - Mobile Version Tablet Version

Figure 5.2: Accuracy of Firefox versions; Simple History Baseline (SH_Baseline) vs Simple
History Linear Regression (SH_LR).

the test on the predicted output results, a p-value has been calculated over the releases of
Desktop, Mobile, and Tablet projects, separately. The p-value threshold is set to 0.05. Note
that in the case of NN, which is a randomized technique, I repeat each run 10 times and
report the mean values. The significant test is then applied in the mean values over different

releases, for each approach.

5.2.2 Case Study Results

In this section, I explain and discuss the results of the experiment and answer the research

questions.

RQ1:

To answer this research question, I compare the simple history-based baseline method (SH-
BL) with the Linear Regression as a standard statistical technique for classification, which
uses both history-based metric and Normalized-TF-IDF. The idea is to see the effect of
NLP without giving much advantages to the technique by using an advanced prediction
model. Note that I can not use the baseline directly (i.e. witout a prediction method) with

the NLP-based encoding, thus SH-LR, in this study, is the simplest NLP-based prediction
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Figure 5.3: Accuracy of Baseline (BL) based on History features; Simple History (SH), All
History (AH) and Weighted History (WH).
approach.

Looking at Fig. 5.2, our first observation is that overall the accuracies are high for both
techniques. This shows that the history-based approach is quite effective in these releases
(mostly rapid releases). However, the SH-LR shows even higher accuracy. We can see
accuracy improvements up to 24% (e.g., for version 4.0 Firefox Desktop). In addition, the
low p-values reported in Table 5.6 , 0.0004, show that the improvements are not by chance.

Another observation is that given that in many versions SH-BL already provides high
accuracies, the average improvements provided by SH-LR are not that high (on average 3%,
3%, and 6% improvements, on Tablet, Mobile, and Desktop projects, respectively). However,
the maximum improvements are more considerable: up to 12% (in version 24), 12% (in
version 26), and 24% (in version 4) in Tablet, Mobile, and Desktop projects, respectively. It
also worth mentioning that SH-BL outperforms SH-LR only in 6 cases out of 33 releases.

Therefore, the answer to the RQ1 is Yes! I can improve the basic history-based test
case prediction using a simple NLP-base LR test case prediction model, even when it has
already a high accuracy. This is quite interesting since it shows that the mined textual data
brings extra knowledge that was not in the execution history. This knowledge is basically

the coverage information which can not be seen in the history metric. However, the history
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Table

5.6: P-value of baseline and modeling techniques

Method

BL

LR

NLR

NN

BL

SH
AH
WH

LR

SH
AH
WH

NLR

SH
AH
WH

NN

SH
AH
WH

SH
1.0000
0.0000
0.0003
0.0004
0.0025
0.0002
0.0001
0.0019
0.0000
0.0002
0.0049
0.0000

AH_
0.0000
1.0000
0.0004
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000

WH
0.0003
0.0004
1.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000

SH
0.0004
0.0000
0.0000
1.0000
0.2627
0.6389
0.4074
0.4781
0.5034
0.0811
0.0589
0.3498

AH
0.0025
0.0000
0.0000
0.2627
1.0000
0.0627
0.5633
0.4080
0.0099
0.5698
0.0641
0.7935

WH
0.0002
0.0000
0.0000
0.6389
0.0627
1.0000
0.4237
0.3061
0.0424
0.0656
0.0028
0.4106

SH
0.0001
0.0000
0.0000
0.4074
0.5633
0.4237
1.0000
0.8484
0.0363
0.0687
0.0261
0.5372

AH
0.0019
0.0000
0.0000
0.4781
0.4080
0.3061
0.8484
1.0000
0.0010
0.5178
0.0548
0.8370

WH
0.0000
0.0000
0.0000
0.5034
0.0099
0.0424
0.0363
0.0010
1.0000
0.0032
0.0001
0.0589

SH
0.0002
0.0000
0.0000
0.0811
0.5698
0.0656
0.0687
0.5178
0.0032
1.0000
0.3595
0.4774

AH
0.0049
0.0000
0.0000
0.0589
0.0641
0.0028
0.0261
0.0548
0.0001
0.3595
1.0000
0.0342

WH
0.0000
0.0000
0.0000
0.3498
0.7935
0.4106
0.5372
0.8370
0.0589
0.4774
0.0342
1.0000
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Figure 5.4: Accuracy of Linear Regression (LR) based on History features; Simple History
(SH), All History (AH) and Weighted History (WH).
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Figure 5.5: Accuracy of different learning methods; SH-LR, SH-NLR and SH-NN.
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measure that was used in RQ1 was quite naive and simple. So the next question will be
whether a more complex history measure can help in prediction or not, which is studied in

RQ2.

RQ2:

The objective of RQ2 is to study the history-based measure in more details. In RQ2.1, I
want to know whether SH-BL can be improved if I consider the entire history rather than
only previous venison, or not. This basically tries to improve the baseline without using
the NLP-based feature. In RQ2.2, I study the same question but in the context of the
proposed NLP-based LR method. In other words, I try to improve the SH-LR by a better
history-based feature. To answer RQ2.1 and 2.2, I replace SH with AH and WH, as defined
in Section 5.1.2. Fig. 5.3 and 5.4 show the accuracy achieved by the baseline and LR models
using the different historical attributes. Focusing on RQ2.1, (Fig. 5.3) shows that while
all three modifications of history are almost the same in Desktop versions, Simple History
works the best on Mobile and Tablet, meaning that the most significant information, in
terms of simple baseline method, is in the last version and then in the more recent versions,
explaining why Weighted History is outperforming All History. Note that the reason behind
poor performance of SH in the first versions of Desktop is that those versions do not follow
rapid release and each version lasts for almost a year. Therefore, the previous version’s test
execution results are outdated.

Looking at Fig. 5.4 to answer RQ2.2, I see that all three modifications of history-
based features, in the context of the NLP-based LR model, have the same level of accuracy,
indicating that expanding history from one version to all previous versions, does not influence
the learning accuracy of the NLP-based model. The above conclusion can also be drawn by
looking at high p-values between SH-LR with WH-LR and AH-LR which are 0.63 and 0.26.

Therefore, given that the cost of collecting AH and WH features are higher than SH and

they do not provide better accuracies, in most cases, the answer to RQ2 is: NO! Looking at
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the richer history does not improve the prediction accuracies, at least when using BL or LR,
as the prediction model. Now the follow up question is whether improving the prediction

model helps in improving the accuracy or not, which is studied in RQ3.

RQ3:

In this RQ, I focus on the learning side of the approach. So I keep the SH-LR as the default
history measure and replace LR with NLR and NN models.

Fig. 5.5 compares these three techniques, in terms of accuracy. As a general observation,
I can see that replacing the learning algorithm does not provide any significant changes
compared to SH-LR, which means that the output of the model, i.e., the failure of the test
cases, can be learned without a complex model as well. Table 5.5 shows the results for
all 12 combinations of the three history-based features and four prediction methods. The
conclusions drawn from those parts of the table that are related to Fig. 5.5 is that replacing
LR with an NLR or NN-based approaches does not help improving the accuracies of the
predictions. This is also clear from the p-value results in Table 5.6, where comparing SH-LR
with none of the *-NLR and *-NN approaches result in lower than threshold p-values.

Given that the more complex prediction models also come with more cost and tuning
needs, conclusion is that extracting the GUI coverage information from the textual data in
test cases is possible through a simple NLP-based approach (POS+TF-IDF). This feature
combined with a basic history-based feature (historical test execution data from previous
release) can potentially provide a highly accurate test case failure prediction approach, using

a linear regression classifier.

5.3 Summary

Manual acceptance testing is one of the most expensive testing activities. In manual testing,

typically, a human tester is given an instruction to follow, mostly based on the GUI. Then the
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tester records the results as “passed” or “failed”, according to the instructions. Therefore,
any attempt in reducing the amount of this type of expensive testing is essential in practice.
Unfortunately, most of the existing heuristics for test selection, prioritization, and reduction
are either based on source code or specification of the software under test, which are typically
not being accessed by the manual acceptance testers.

In this study, I propose a feature that extracts some GUI-related information per test case
using Natural Language Processing (NLP) and Information Retrieval (IR) methods. The
feature is based on the frequency of covering different elements of the GUI in the manual
test scripts. I show that a simple linear regression model using the extracted NLP /IR-based
feature and a typical history-based feature (previous test execution results) can accurately
predict the test cases’ failure in new releases. This information is useful for test managers
to effectively assign their testing effort. I have conducted an extensive empirical study on
manual test suites of 41 releases of Mozilla Firefox over three projects (Mobile, Tablet,
Desktop). The comparison of several proposed approaches for predicting failure shows that
a) I can accurately predict the test case failure and b) the NLP-based feature can improve

the prediction models by up to 24%.
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Chapter 6

Combining (Geophysical Models with
Convolutional Neural Network for
Automatic Velocity Picking in Seismic

Data

This chapter is presented to address the deficiencies in current literature in implementing the
convolutional neural network for seismic velocity picking as explained in Section 1.1.4. To
do this, this chapter is organized as follows: Section 6.1 introduces the methodology of the
work and describes CNN semblance problem formulation and hybrid geophysical approach
with CNN in Sections 6.1.3 and 6.1.4 respectively. Section 6.2 explains the fields data used
for evaluation and compares the proposed approach with state-of-the-art approach. Section

6.3 presents a summary of this chapter.
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6.1 Approach

The objective of the algorithm is to get a semblance panel input image S and automatically
determine stacking velocities Vi (henceforth “velocities”) on that semblance where traveltime
Set I' is detected in reference file. For this purpose, in this section, I explain our hybrid CNN
approach combined with geophysical models. The main process of our method is shown in
Fig. 6.1.

I use the following notation throughout the study:

7 : interval zero-offset two-way traveltime of the reflection hyperbola (henceforth “travel-

time”).
t,, : traveltime at index m in Set I'.
P,, : semblance height Pixel associated with traveltime at index m in Set I .
W, H : Width and Height of semblance panel input image S respectively .

Vinins Vimae © Minimum and Maximum velocities in the semblance panel which are 1500m/s

and 600m/s respectively . V;,

6.1.1 Semblance Encoding

Since its introduction by Taner and Koehler (1969) [153], the semblance as an energy measure
has been an indispensable tool for optimally determine stacking velocities [104]. A sample
semblance panel input image with its true reference velocities is shown in Fig. 6.2 from
Vermilion field (Canada, 3D). The traveltime m,m € {1,2,..., M,} in the text file, denoted

by t,, corresponds to the input height pixel (P,,) with the following equation:

P = |22 (6.1)
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Figure 6.1: Overview of our approach which includes three phases: 1. CNN Training 2.
CNN Prediction 3. CNN-GP Prediction.

where F's(ms) is the sampling frequency (henceforth I use the terms “sampling frequency”
and “sample interval” interchangeably) and M; is the number of velocity picks in the text file
for semblance input number j. For example, sample interval in Fig. 6.2 is 2(ms). Therefore,
the last velocity pick which is in time 2914.7, corresponds to Height pixel of 1457 (L%J)
in semblance panel input image.

The traveltime shown in reference velocities are selected by expert. Therefore, in the
absence of the traveltime in CNN prediction phase, our semblance encoding objective is to
extract patches from input image that can simulate the traveltime selected by expert. For
this purpose, I have proposed the following two methods to extract the patches from the
semblances.

Velocity-based Patch Size: For each input image, a moving time window is used to
obtain subset patches of the input image for determining traveltime set from the input image
and their corresponding velocities from the reference velocity Set in the text file. The moving
time window needs 2 pixel value couples to be specified on the semblance image which are
(top,left) and (bottom,right). As the Width of patches remains unchanged, left and right

values are always constant values of 0 and W respectively. As shown in Fig. 6.3 each patch
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Reterence Velocity
Semblance Panel Input Image {Picked by Expert)

Time(ms) Vrms(m/s)
0.0 2532.35
13.4 2532.35
241.2 2714.72
377.8 2905.78
634.4 3183.67
B04.6 3357.36

1013.3 3487.62
1245.8 3602.21
1383.3 364545
1463.3 374057
1663.4 4008.65
1547.0 4276.72

2914.7 4746.85

Semblance Detailed Info

Project Name: 1933-vermilion

L L

Line Name: ratwolf20083d
BIN_line: 52
BIN_trace: 100

Sample_Interval (ms): 2.0

'

W x H (301 x 1501)

Figure 6.2: Real Semblance Panel Input (left) and the its reference velocity file picked by
expert (right top). The Semblance is for Vermilion project (2008) with the detailed info
shown in right bottom

represents the velocity at ¢; that falls into the following 7 interval:

Ttop = Lt(i«:sl) J )

Tieft = 0

)

Toottom Fs
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TRight = W

where ¢ € {1,2,..., N;} and N; is the total Number of Patches in the semblance panel
input image number j. It should be noted that in this approach, N; is equal to M; (The
number of velocity picks in text file), because I am considering the traveltime associated
with velocity picks to extract the patches. i (index for patch number in input image) is also
exactly the same as m (index for the traveltime in Reference Velocity text file).

The extracted Patch is denoted by S, where j indicate the semblance panel input
image number and the index i = {1,2,..., N;} corresponds to travel time ¢; in semblance
panel input image j.

Reterence Velocity
Semblance Panel Input Image (Picked by Expert)

Time(ms) Vrms(m/s)
0.0 2532.35
13.4 2532.35
2412 271472

3773 260578 Extracted patch

(Top, Left] 6344 318367 50

8046  3357.36 - 100

\_‘1013_3 3487 .62 150 A .
‘\\ 1249.8 \ 0 100 200 300

3645.45

1463.3  3740.57 Velocity = 3602 [class Number = 24)
1663.4  4008.55

{Bottom, Right}:
(691,301}

1947.0 4276.72

29147 4745.85

" ' ..F..-rﬂ A

W x H (301 = 1501)

Figure 6.3: A velocity-based moving time window (7 interval) shown in blue square is used
to obtain subset patches of the input image for determining traveltime from the Semblance
image and the corresponding velocities from the reference velocity Set is assigned.
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Constant Patch Size: In this study, I am also considering a fixed size for moving time
window, to obtain patches with constant size throughout the semblance panel input image.
The reason behind considering fixed window size is that the traveltime selected by expert
are not always available. Such that when a new dataset for testing (i.e. CNN prediction
phase in Fig. 6.1) is used, obviously there is no reference velocity file to get the required
traveltime. To Minimize the effect of resizing the patches which will be applied later for
CNN training phase, I consider the Height of the moving window time to be constant value
of 50 pixels without overlapping between patches. Therefore, N, (total Number of Patches
in the semblance panel input image j) is N; = (%] In other word, although the patch size
is constant, the number of patch per semblance might be different.

Regarding the (top, left) and (bottom, right) for moving time window (7 interval) in this
approach, left and right values are again constant values of 0 and W respectively. top and
bottom values start from 0 and 50 and increase by 50 for each next patch.

In CNN Training phase, I need to assign the reference velocities to extracted patches
as well. To achieve this goal, considering patch S, a) if there is any ¢,, in the reference
velocity text file that falls into the 7 interval of this patch, I assign V;  as the velocity for
patch S;,,, where V}  is the velocity picked by expert at time ¢,,. b) Otherwise, if there
is no t,, that falls into the 7 interval of this patch, it means 7 interval (which ¢; is in the
middle) is between two traveltime ¢, and t,,; in the reference velocity text file. With expert

suggestion, I consider a linear line between V;,, and V; ., and calculate V;, as follows:

m—+1

Viir — Vi

Vi,
tm—‘rl - tm

K3

where, t; and V;, are the traveltime and velocity for patch index ¢ denoted as Sj4,.
To have a more clear idea about the process of the assigning velocity to a patch that
does not have one, let’s see a sample patch from Fig. 6.3. Assume we have a patch with the

following 7 interval:
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Ttop = 550, Tleft = O
Thottom — 6007 TRight = 301

Considering the F's of the semblance which is 2(ms) and using equation 6.1, the ¢; located

at the middle of the patch is:

(550 + 600)

P =
2

=575
— t; = 575 % 2 = 1150(ms)

Therefore, t; is between t,, and t,,,1 with the values 1013.3 and 1249.8 respectively. Using

the equation 6.2, V;, for this patch is calculated as below:

3602.21 — 3487.62
1249.8 — 1013.3

Vii=1150 = (1150 — 1013.3) + 3487.62 = 3553.24

6.1.2 Velocity Labelling

labelling the velocities to fit into our classification workflow process while keeping its value
precisely is an important step. Based on expert suggestion, I expect velocity piked for
the semblances to fall within an certain range of rock velocities obtained from decades of
observational and empirical evidence. That range is between 1500m/s and 6000m/s. These
are considered as the min and max (respectively) values of the velocity in this study. The
range of the velocity in each class is considered to be 25m/s and I have 180 classes (labels).
For example, all the velocities between 1500m/s to 1525 are considered as class 0, from
1525m/s to 1550 are considered as class 1 and so on. The class number associated with
velocity V;, is denoted as I';, and is calculated as below:

Vinin

V. —
r, =|—+——="

55 (6.3)
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For example, the velocity calculated for the patch extracted in Fig. 6.3 is 3602.21. The

3602.2171500J = 84.

class number associated with this patch is | e

6.1.3 CNN Semblance Problem Formulation

In order to obtain the objective of the work, I develop an CNN network. CNN classification
uses training samples formed by image-label pairs to determine classification rules that assign
labels to images. In what follows, I denote by X and Y the sets of possible images and labels,
respectively; This network takes features produced by the proposed representation as input
and outputs a vector which includes weighting over labels.

Local Feature Representation: I treat the patch extracted in specific 7 interval as
local feature representation for the traveltime ¢. Although the goal is to predict the velocity
for that traveltime, the local feature is not adequate. Given said that, I combine the whole
semblance image to have coverage on overall trend of semblance as the global feature with
the local feature shown in extracted patch as illustrated in Fig. 6.4. This has been shown
to be effective for seismic image local feature representation [114]. By doing so, each CNN
input data first captures the local information by using the patch image that explicitly looks
into the 50 * W spatial window around traveltime ¢;; 50 is the height of patch if extracted by
Constant Patch Size method as illustrated in Fig. 6.4. Second, to obtain the overall trend of
the image that this patch is part of, CNN input data keeps the image of the whole semblance
as well.

The model proposed in this study is not restricted by semblance panel input image size.
For the sake of consistency, I scaled the spatial range of the pair images used as CNN input
data to a fixed scale (e.g. 50 x 50) before applying the filters of the CNN.

Training Data Label Generation: In order to generate the label for training data, I
consider a binary vector with length K = 180 as the label of the input. Thus for each CNN
input image Xj,,, I have a vector Y;;, as the label output. For instance, in section 6.1.2,

the velocity class calculated for the patch extracted in Fig. 6.3 is 84. Thus the label vector
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Figure 6.4: Process of defining input X data for CNN. Blue and red arrows indicate resizing
of whole image and patch to the size 50 * 50 pixel respectively. Each input image X,
is produced by pairing two resized images: 1) S;,the image of whole semblance and j is
the semblance number 2) S;,,, the i'" patch extracted at time ¢; from semblance S;, where
i€{1,2,...,N;} and N; is the total Number of Patches in the semblance panel input image
Sj.

for this input is [0, 0, ...,0,1,0,...,0] in which all the elements are 0 except index number 84

which is 1.
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Data Label Prediction

In previous two sections I match all input data with the corresponding label to construct
the data set for training the CNN model. Afterwards, in CNN prediction phase, our model
demonstrate the output for input X, as vector Y[k:]j,tia k = 1..K; where k is the class
number which is a number between 1 and 180. Given that applying Softmax loss in CNN has
achieved tremendous successes in image classification tasks [60] [70] [177], I adopt a Softmax
classifier at the last layer of the CNN. This outputs a weighted vector of probabilities of the

classes, denoted as Y[k, k = 1...K calculated as below:

v cxp(Y[k];z,)

S p——lc L |
ot = SR cap(¥ k], &4)

where each element in vector f/[k:] jt; is a value between 0 and 1, representing a predicted
probability for velocity class k. Conventionally the index of maximum probability in vector
f/[k] ;t; 1s considered as predicted velocity. However the advantage of our hybrid (Geophysical
model with CNN) formulation is that I have a ranking system to consider the top P (i.e.
5 is the optimum value achieved by try-and-error) probabilities predicted by model. Then
I use geophysical model to have quality assurance on top of these classes and select the
best one. In what follows, the top P values are Denoted by Y [maz];s,...Y [maxp);,, where
maz,,p € 1,2, ..., P is the index of the class with p'" best probability.

CNN Objective Function: The loss function is the objective function which technically
is an indicator of the directions of weight changes. In our setting, the velocity prediction
for CNN input image X, is predicted by vector f/m. Thus, the objective for learning
our velocity prediction is to minimize a loss function that measures the similarity between
Y, and Yj,,. This study use the categorical cross-entropy (CE) [129] function as the loss
function. The reason is that Softmax with CE loss is widely investigated and adopted by

many classification approaches due to its ability for probabilistic interpretation, simplicity

and good performance.
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6.1.4 Hybrid Geophysical Approach with CNN

Having spatiotemporal semblance panel images, with some geophysical infrastructure basis
within it, it is necessary to consider those basis in any solution proposed for automatic ve-
locity picking. In this section, I explain how we incorporate these knowledge in our proposed

method.

Interval Velocity Aggregation

The hybrid geophysical step is designed to have quality control on initial velocities predicted
by CNN. To perform quality control and assess the validity of the velocities predicted by
CNN, I devised Dix equation [33] as explained in 2.11.

Using the Dix equation, the interval velocities are approximated. The interval velocity
is the velocity between upper reflector field and the lower one. In this study, the extracted
patches are considered as the reflector field. Since Dix velocities are approximation to the in-
terval velocities, I expect them to fall within certain range of rock velocities (i.e. [1500, 6000])
explained in Section 6.1.2. For instance, in the highlighted example (the pink one) in Fig.

6.3, the Dix velocity is calculated as below:

= 4056.69

L (3602.21)%(1249.8) — (3487.62)2(1013.3)
B 1249.8 — 1013.3

As the calculated interval velocity is in range [1500, 6000], the stacking velocity 3602.21
is an acceptable velocity for the corresponding patch. The above mentioned example is
calculated using the velocities selected by expert, however the process is the same on the

CNN predicted velocity.

Quality Control using Interval Velocities

To incorporate the above mentioned Dix velocity in quality control step, the following steps

are performed:
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1) The CNN testing phase outputs a class number for each patch. class number is associ-
ated with the highest probability in the output vector (See Section 6.1.3). In order to convert
the class number to a numeric velocity value, the number in the middle of the correspondence
class is considered. For example, if the predicted class is 1, its velocity value is considered
to be M = 1512.5. In this step, for each semblance, I create an output file same as
what we have in Fig. 6.2. The first column is filled with the traveltime at the middle of
each patch, the second column will be the predicted velocity value which is calculated from
the predicted class number. In particular, it should be noted that now the class with the

highest probability, i.c. Y [mazx,];,, is the accepted output (Section 6.1.3).

2)  For each semblance, now we have the output file extracted in the previous step. This
auxiliary step takes this output file for each semblance and computes the interval velocity
using Dix equation for each traveltime reported in the file one by one. In other words, for
each pair of the (traveltime, predicted velocity) the interval velocity is calculated and if is out
of the authorized range, Y [max1];,, is replaced by Y[maxs;,,. The interval velocity again
is calculated and this process with be repeated to Maximum 5 times (i.e. using Y [mazs);, ).

Please refer to 6.1.3 for details about notations.

One can observe that this hybrid auxiliary step has ability to remove the predicted
velocities leading to unacceptable interval velocities, and try to replace them with a more

accurate prediction.

6.2 Results

6.2.1 Data Sets

In this study, I use data set of 9 fields (seismic fields) mostly located in Canada. Table 6.1

shows the characteristics of the 9 fields data sets. It consists of 980 semblances collected
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Table 6.1: Description of the data sets selected for our experiments.DS:Data Set

Field Name sampling
(Abbreviation) # semblances frequency (ms)
DS1 148 1
DS2 251 1
DS3 125 1
DS4 170 1
DS5 67 2
DS6 16 1
DS7 11 1
DS8 152 2
DS9 40 1
Total 980

from various locations which their sampling frequency is either 1 or 2. The true velocity
values selected by expert for each semblance are given in a text file format as shown in Fig.

6.2.

6.2.2 FEvaluation Metrics

I follow the evaluation protocol of Ferreira et al. [44] named Velocity Picking Distance to
Reference (VPDR), where performance is measured by the average velocity displacement
between the true velocity and predicted velocity. To apply VPDR on the results I first
convert the classification outputs to continues velocity values as explained in Section 6.1.4.
I also perform Mean-Square Error (MSE) and Mean Absolute Error (MAE) for evaluating
the classification results. In our experiments, I did not use accuracy because our problem is
an ordinal multi-class (180 classes) problem. It means if a true velocity for an input data
in class 2, if one approach predicts class 1 should be more acceptable than predicting class
100; whereas, accuracy measure considers same penalty for both cases. Furthermore, loss

function explained in section 6.1.3 is also used for evaluation in this study.
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Table 6.2: Evaluation results for three CNN models.

. Validation Performance | ..

CNN Model | Train Loss Toss | VSE NAE Time (s)
AlexNet 0.05 4.2 | 0.0053 0.00 900
VGG16 0.07 4.6 | 0.0054 0.01 2800
LeNet-5 3.2 3.6 | 0.0051 0.01 400

6.2.3 Comparison of the CNN Architectures

To find the CNN architecture suitalbe for first part of the proposed approach (i.e. Section
6.1.3), 3 different deep learning models AlexNet [80], VGG16 [142] and LeNet-5 [83] are
quantitatively compared. Table 6.2 summarize the average loss on train set, Loss, MSE
and on validation set and the total training time for three CNN models used during this
experiment. All of the results in this section are from the same validation dataset and
training dataset with no overlap after 100 training epochs. From the results, we see that the
LeNet model performs very badly on the training dataset in comparison with the other two
methods. This is because the layers parameters in the LeNet are very few (around 4 million)
and are not enough to learn the tasks. Even showing a good results on validation data
means that knowledge transfer does happen from our base module that has been trained.
So it can not be a suitable option for this specific task training purpose. The results also
indicate that AlexNet and VGG16 have almost the same performance on both validation
and training dataset, however, we can clearly observe that the duration time for training
VGG16 model is around 3 times more than AlexNet. Thus, I select AleXNet architecture to
be used in firs part of our approach. Hyper-parameters are optimized by balancing the time
and performance of the results for different “learning rate” and “batch size” values. The
rates that “learning rate” and “batch size” are searched over are (0.0001,0.001,0.01) and
(64,256,512, 1024) respectively. We observed that the train model with learning rate 0.0001

and batch size 256 has the best balance between time and performance.
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6.2.4 Comparison to State-of-the-art

The objective of this section is to study the results of the proposed hybrid CNN approach
combined with geophysical model in more details. To do this, I compare our performance
with state-of-the-art method [114]. The goal of our experiments, in particular, is to computa-
tionally demonstrate the performance superiority of our proposed algorithm in two respects:
(1) ability to find the optimal velocity and (2) the time required to do so.

All experiments including the training and testing are performed on a Google Colab Pro
Platform 25 GB GPU. Google Colab is a GPU based framework offered by Google for which
can speed up training time of the deep learning. Python 3.6.9 is used for implementation
of all the proposed method. Two different field datasets are specifically selected for testing
purpose without being used in training or validation. For the sake of fairness in comparison,
Park and Sacchi’s state-of-the-art method [114] is also re-implemented and re-trained using
exactly the same platform and datasets respectively. I only need to adjust the number of
classes from 40 in their work to 180 in our work which does not affect the effectiveness of
their algorithm.

A summary of computational results is presented in Table 6.3. Performance of the pro-
posed method and Park and Sacchi’s method [114] is evaluated in terms of (1) VPDR: to
evaluate the regression prediction ability of the methods. Such that, the class numbers are
converted to continuous velocity values and then using VPDR the performance of methods
is evaluated. (2) MSE and MAE in which I quantify the classification performance for our
ordinal multi-class problem (3) the training and testing run time. The reported run time
does not include patch extraction time for neither of the methods.

For all performance metrics, as can be seen in Table 6.3, our method consistently out-
performs the state-of-the-art method [114] on both field datasets with the margin of at least
23% for all the metrics in all the datasets. Park and Sacchi’s state-of-the-art method [114] is
purely based on CNN and trasfer learning without leveraging the domain knowledge. Given

said that, the experiments presented in this study illustrate that aggregating geophysical
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Table 6.3: Results on our method and state-of-the-art method (Park&Sacchi) using two
separate field data for test.

Dataset Method VPDR | MSE | MAE | Time (s)
D1 Ours 280.89 | 233.2 | 11.2 930
Park&Sacchi | 457.15 | 835.82 | 18.26 2815
D2 Ours 400.76 | 445.68 | 16.01 923
Park&Sacchi | 548.125 | 977.55 | 21.9 2810

model with CNN has a dramatic impact on velocity picking. For example, I can improve the
state-of-the-art method [114] by 39% and 27% in VPDR for first and second field dataset.
Regarding the run time, our method utilize only 33% of the previous method.

Moreover, because in our study the number of classes are 180 with range of 25 in each class
(the state-of-the-art method has only 40 classes with range of 50), the metrics reported in this
study are more accurate than those reported in the state-of-the-art method. For example,
the MSE value reported in that study (550) is only between 40 classes. However, our study
has 180 classes to be considered which makes the MSE values between the prediction and
the true label velocity fields to have potentially higher values. To the best of our knowledge,
extensive experiments on multiple datasets show that our model exhibits state-of-the-art

performance on automatic velocity picking in seismic data.

6.3 Summary

Velocity analysis process takes a significant amount of time and mostly performed manually
which ultimately impacting the cost and duration of a typical seismic interpretation proce-
dure. This chapter presents a novel data-driven hybrid strategy for combining geophysical
models with Convolutional Neural Network (CNN) with two key contributions: (i) I use a
CNN to generate robust velocity picks on spatiotemporally varying image data and (ii) I de-
sign a geophysical-based model to check gradually increasing features of the picked velocities
to improve their prediction. Extensive experiments performed on four field data sets show

that the proposed methodology can not only produce near human-level velocity pickings but
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also outperform the current state-of-the-art method in most scenarios.
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Chapter 7

Conclusions and Future Work

This chapter summarizes the results of the research studies presented in this thesis and
provides directions for future research. Section 7.1 summarizes the research findings and

Section 7.2 provides future research directions.

7.1 Thesis Summary

This thesis presents four studies related to leveraging feature exploitation to automate prac-
tical machine learning with text, Image and Tabular Data. These studies had four distinct
but inter-related objectives that can be summarized as follows

e With the goal of automating the practical machine learning, translating raw data into
accurate predictions\estimation with minimal software requirement. In particular,
replacing human time\effort and manual experimentation with models that can be
improved by simply setting up in appropriate environment to learn.

e Design, implement and evaluate a feature extraction pipeline that enables automating
the practical machine learning based on the context of the data. While focusing on
outcome of interest, identify possible hidden features in the datasets that can help in
removing bottlenecks on the correctness of test results.

e With the goal of reducing the number of features needed in a machine learning train-
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ing study, identify an intelligent technique to select, extract or even propose related
features.

e provide broader perspective that also encompasses tabular, text and image data and
other equally important aspects of the ML pipeline like: data processing, model en-
sembling practical automation of deep learning technique. Then perform an in-depth
analysis of the proposed method with real-world data sets.

To achieve these objectives, I designed and implemented applied machine learning tools
and conducted multiple experimental evaluation studies all using real world data sets. The
outcome was several findings related to the effect of data related feature exploitation on
the performance of machine learning applications. The contribution of this thesis can be
summarized as follows:

Regarding the first study, extracting important features is an expensive and tedious
task for big data mining projects, which is essential for developing fast and high accuracy
prediction models. In this study I develop a CB-RF model to identify the importance
of features from highly dimensional dataset. I then proposed a model to provide additional
service to patients by predicting the desired output for the EPIC-26 domains. Finally, I used
three different feature extraction models to find the important features for the desired output,
separately. I demonstrated the application of this approach using diagnostic, clinical, and
PRO data extracted from patients diagnosed with prostate cancer. I use CB-RF to identify
the most important features for predicting patients’ HRQOL. Based on the empirical study
results, I showed that a RF combined with patient clustering in a neural network model can
accurately predict all variables of HRQOL with impressive improvement on the predicted
results performance in comparison with three other models. In addition, the proposed model
was completely on H20, which has the advantage of both run time and code complexity for
both clustering and feature extraction.

In the second study, I construct a framework to extract important influential variables

for prostate cancer EPIC-26 prediction, learn and interpret prostate cancer patient data in
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a novel way. I demonstrated how to fit the patient data with proposed CB-DNN algorithm
and make accurate predictions of patients’ HRQoL outcomes. Furthermore, our framework
uses an Bayesian network based approach to provide explanations for CB-DNN, which is a
black box algorithm, result to represents the probability that the patient will feel a particular
outcome in 1-year follow-up based on the baseline visit variables. To the best of our knowl-
edge, this work is the first one to combine machine learning model and explanation method
for analyzing prostate cancer data regarding their HRQoL measure and considering all of
the EPIC-26 domains outcomes. The CB-DNN allows stakeholders to extract important
variables out of the big data set that might affect the outcome of interest in longitudinal
data. The implementation of our methods help identify the key drivers of patient 1-year
follow-up severity, in baseline visit, which the patient is newly diagnosed with prostate can-
cer. Besides that, the proposed method is also the first that is predicting the continuous
value for 1-year follow-up EPIC-26 outcomes, not only general classifications. Therefore,
the framework generally can provide guidance for medical practitioners to navigate through
the baseline variables to complex future outcomes. Despite the aforementioned strengths of
this study and the successful implementation with real world data, it has its own limita-
tions which can be improved as new directions of future work. To start with, the proposed
method is validated in a real world big data set, but it can be externally validated as well to
improve the trust for the end users. Secondly, the choice of the proposed hybrid model for
the Bayesian network needs theoretical evidences, and needs more investigation. Thirdly,
I want to use this framework for improvement in the feedback for their HRQoL outcome
even considering their treatment choice. With considering the treatment related variables, I
can advice the future patients to which treatment they should select regarding their HRQoL
preferences, this part is still under investigation. Overall, despite these limitations, this work
can contribute in ongoing effort to adopt good predictability and interpretability practices
when considering HRQoL outcomes in patients with prostate cancer.

The focus of the third study is developing feature extraction in using text data in the
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context of manual testing. Manual testing is an expensive and tedious software testing
activity, which is essential for getting users perspective on the released features. In this
study, I proposed an NLP-based approach (POS) for extracting test case’s coverage on the
GUI by estimating the GUI elements names and states (as nouns) from the textual data
of test cases. I then proposed an IR-based measure (TF-IDF) to be assigned to each test
case. Finally, I use three different prediction models to predict failure of test cases using this
measure and three different variations of history-based measures, separately. Our results
based on an empirical study of 41 releases of Mozilla Firefox’s manual test suites showed
that a simple history-based feature (only previous release data) combined with POS/TF-IDF
data in a linear regression model can accurately predict test cases’ failure in new releases.
In addition, the NLP-based approach can provide up to 24% improvement on accuracy of
prediction over the baseline approach (only using history and not the mined GUI coverage
data). To the best of our knowledge, this work is the first use of NLP on manual test case
scripts for test failure prediction and has shown promising results, which I plan to replicate
on different systems and expand on different NLP-based features to more accurately extract
the GUI-related information.

With the focus on exploiting feature extraction techniques in image date, in the last
study, I propose using a hybrid geophysical model with CNN to predict the velocities which
is time-consuming step in seismic imaging. I utilize AlexNet in first phase the approach for
image classification. The geophysical part of the model leverages interval velocity in selected
time horizons to improve the performance of CNN output for both image classification and
regression. I define the large number of classes with relatively small range over the continuous
velocity values which potentially yields to adding regression capability to the model as the
velocities can be estimated within each class. The proposed method significantly outperforms
the existing state-of-the-art model with requiring less training and testing time. Extensive
experiments on the largest number of datasets existing in literature show that our model

exhibits state-of-the-art performance on automatic velocity picking in seismic data. Further,
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I show that our model has near-expert performance if all the settings are set up properly.

7.2 Future Direction

The studies presented in this thesis can be expanded in multiple directions including the
following perspectives.

To the best of our knowledge, the work done in the first two studies, is the first use of
H20 on feature extraction and predicted models in medical domain and has shown promising
results, which I am planning to replicate on different data sets and expand on different cluster-
based feature extracting models to more accurately extract features from big datasets. In
particular, the limitation of the second study is that I adhere to the assumption behind
the Naive Bayes rule which is there is no interaction between the input variables given
the outcome. I assume that to be able to interpret the prediction results in the variable
domains. This limitation is the special focus of the future work as I believe that the nature
of the interaction between the input variables toward the outcome is not linear and also
may not be independent given the output. To address this limitation one may adapt several
orthonormal transformations of the variables and study the effect of these transformations
on the predictive and interpretability power of the model.

The experiments in third study show that certain properties of a manual test case which
is written in natural language, such as nouns, are correlated with higher probability of failure
rate in testing. This work can motivate other researchers to explore these tasks and develop
better models that outperform the ones used in this work. More importantly, we hope that
other researchers will identify novel more deep network opportunities in NLP like BERT,
which we have not explored to analyze the peer reviews in this real world dataset.

Regarding the image analysis work to predict the velocity picking, one main direction
for future study is to change the CNN loss function such that comply with geophysical part

of our method. This way, they could have a trained CNN model that is completely capable
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of predicting the velocities by minimizing the geophysical-based loss function. Moreover, in
the context of combining geophysical knowledge with machine learning, automating the first
velocity pick has the potential to improve the velocity picking in the whole semblance.

The last but not least, is the idea of converting the tabular data investigated in first two
studies and convert it to image data which is used in the last study. In tabular data the
information from its features or elements is spread over arbitrarily, making it challenging to
extract relevant details for identification using the image-related deep-learning techniques.
However, an arrangement of similar features into clusters makes these differences more acces-
sible and allows for robust extraction of hidden patterns between features than dealing with
elements individually. The future direction can converts tabular data into a well-organized
image-form. Thereby, the power of convolution neural network (CNN), including GPU uti-
lization which is used in the last study of this thesis, can be utilize for tabular data used in

first two studies.
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