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Abstract

Colorectal cancer has the second highest mortality rate of all cancers globally, with
the development of distant metastases heavily contributing to this. The most com-
mon site of metastasis from colorectal cancer is the liver. Although patients may
receive curative intent resection of their colorectal liver metastases, many patients
will experience recurrence. Additional therapies may be given to higher risk patients,
but determining which patients are high risk compared to others remains a difficult
clinical problem.

Reliable prognostic models of death or recurrence following hepatectomy of col-
orectal liver metastases are critical for creating individualized treatment plans. Clin-
ical models have been created for this purpose in the past, but have shown limited
generalizability. Radiomic models can take advantage of radiographic imaging that
is routinely collected for this disease, but radiomic biomarkers may be affected by
the protocol used to capture the images. The correction of these influences may af-
fect downstream model performance. As both clinical and radiomic features have
demonstrated their potential in prognostic modeling for colorectal liver metastases,
clinicoradiomic prognostic models have been proposed. However, these studies of-
ten lack consideration for benchmarking and the potential differences in performance

feature correction can cause.



In this thesis, we developed several types of prognostic models for overall and
hepatic disease-free survival using hand-crafted and deep learning radiomic features,
clinical features, and a mixture thereof. We also provided insights into the use of
ComBat for radiomic feature correction and its effects on model performance. All
models were developed using a large, multi-institutional cohort of 1,301 patients.

Through our analysis, we have shown that models which integrate radiomic fea-
tures can prognosticate outcome and that clinicoradiomic models can outperform
clinical models for both survival outcomes. We have also shown that radiomic fea-
tures are affected by imaging slice thickness and that when these features are corrected
using ComBat, they generally produce lower performing models.

This work demonstrates the utility of radiomic features for the prognostication of
overall and hepatic disease-free survival and how radiomics can compliment clinical
information to improve risk prediction and treatment decision-making for patients

with colorectal liver metastases.
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Chapter 1

Introduction

1.1 Motivation

Colorectal cancer (CRC) has the third highest incidence rate and second highest mor-
tality rate of all cancers worldwide [1] with an increasing number of diagnoses and
deaths expected by 2040 [2]. The development of metastatic disease is an impor-
tant contributor to mortality [3, 4, 5], with the liver being the most common site of
metastases [6]. Hepatic resection of colorectal liver metastases (CRLM) is the only
potentially curative treatment that o ers long-term survival to patients [7, 8, 9, 10].
However, many patients will experience recurrence following surgery [11]. While
chemotherapy is used to reduce the risk of recurrence, there are a lack of prognostic
tools for identifying which patients are most likely to recur and bene t from poten-
tially toxic therapy [12, 13, 14]. Accurate prediction of a patient's risk of death or
recurrence after liver resection is critical to optimizing patient care and improving
survival for these patients.

Methods in survival analysis are used to develop prognostic markers utilizing the

relationships between potential biomarkers and the outcome of interest. Over the
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past few decades, several prognostic models for CRLM have been proposed [15, 16].
The vast majority of these models are based solely upon clinical features, such as age,
extrahepatic disease, or nodal positivity in the primary disease [17, 18, 19]. Others
have proposed radiomic prognostic models [20]. The eld of radiomics encompasses
the creation and use of quantitative features which are computationally extracted
from radiographic images. These features can capture tumour and tissue-specic
patterns of disease which would not normally be recognizable to a human observer
and can be extracted using purely mathematical or deep learning (DL) methods.
Radiomic models are particularly advantageous as they are non-invasive and, in the
context of CRLM, make use of computed tomography (CT) imaging that is already
routinely collected prior to resection [21]. In more recent years, models which combine
multiple types of features together have been suggested [22, 23]. These are known as
multimodal models and have been shown to outperform models made with a singular
type of data, called unimodal models, for a variety of clinical problems [24]. The
incorporation of multiple modalities also enhances the generalizability of these models.
Although many avenues for CRLM survival prediction have been explored, they
are not without limitations. Established clinical models have shown limited prognostic
abilities when externally validated [25]. Radiomic models have yet to see clinical
translation due to a lack of standardization and reproducibility of radiomic features
[26]. In particular, the slice thickness of a CT image series, de ned as the width
of each axial slice, has been well-documented to in uence radiomic features [27].
There is also disagreement between studies on which radiomic features are prognostic
and which model architecture demonstrates the best performance [20]. Studies that

develop multimodal models incorporating both clinical and radiomic features, known
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as clinicoradiomic models, are not guaranteed to benchmark against unimodal models
[24]. The same drawbacks regarding variation in relevant features and optimal model

architectures seen in the radiomic models are also present in clinicoradiomic models.

1.2 Problem Statement

The integration of radiomics into prognostic models can o er a well-rounded, compre-
hensive intuition of a patient's disease while requiring minimal adaptation in current
clinical work ows. Having these accessible insights empowers clinicians to make in-
formed treatment decisions which are speci cally tailored to an individual patient.
Given the availability of CT imaging data for CRLM and the disease's growing inci-
dence and mortality rates, the development of prognostic models using radiomics is
both advantageous and urgent. As such, radiomic and clinicoradiomic models have
been proposed previously [28, 22, 23]. However, these studies come with their own
limitations. The lack of reproducibility and the correction for imaging protocol in u-
ence are often not considered, which could a ect downstream modeling processes and
results. In other studies, model generalizability and benchmarking are not explored
and can call into question the true bene t of radiomic biomarkers when compared to
pre-existing clinical biomarkers. Investigating these limitations in isolation can help
build speci ¢ understandings of each of them, but how they interact and a ect per-
formance is equally important for model robustness. To the best of our knowledge,
there is not a comprehensive pipeline for unimodal and multimodal survival predic-
tion models for patients with CRLM using radiomics which fully explores radiomic
feature bene t and reproducibility. This is imperative to examine prior to clinical

translation of the prognostic models. Therefore, we propose thorough pipelines for
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the development and assessment of radiomic and clinicoradiomic prognostic models

for CRLM which also explore these e ects.

1.3 Objective

The main objective is to develop pipelines which integrate radiomics into prognos-
tic models for overall survival (OS) and hepatic disease-free survival (HDFS) while
thoroughly assessing the value of these models and the features they are built upon.
In order to achieve this, three main sub-objectives are de ned. This rst is to deter-
mine what, if any, in uence CT imaging slice thickness has on hand-crafted and (DL)
radiomic features and attempt to correct for this e ect. The second is to develop
uncorrected and corrected radiomic unimodal prognostic models for both survival
outcomes and benchmark them against clinical unimodal models. Finally, our third
sub-objective is to determine the additive bene t of radiomic features through the

creation and evaluation of clinicoradiomic models.

1.4 Hypotheses

The main hypothesis of this work is that radiomic features can capture unique infor-
mation relevant to OS and HDFS and can be used to build preoperative prognostic
models for patients with resectable CRLM. Within this hypothesis, we theorize that

slice thickness impacts both hand-crafted and DL radiomic features, the correction
of this in uence increases prognostic model performance, and that clinicoradiomic

models can outperform clinical unimodal models for OS and HDFS.
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1.5 Contributions

There are three main contributions presented in this thesis. They are as follows:

1. Radiomic models can predict OS and HDFS preoperatively in patients with

resectable CRLM.

2. CT imaging slice thickness relates to both hand-crafted and DL radiomic fea-
tures and the magnitude of this relationship varies depending on region of in-
terest (ROI) and imaging lIter applied. Features which have this relationship
corrected for generally produce lower performing prognostic models in both the

unimodal and multimodal cases.

3. Clinicoradiomic models for both OS and HDFS can outperform standard clinical

unimodal models.

1.6 Organization of Thesis

In Chapter 2, foundational information regarding CRC, CRLM, survival analysis,
medical imaging, and radiomics are presented. Current prognostic models for CRLM
are also detailed in this chapter. Chapter 3 describes the methodology used in this
work, including data preprocessing, radiomic feature extraction, radiomic feature
association with slice thickness, and the development and evaluation of clinical, ra-
diomic, and clinicoradiomic prognostic models. Chapter 4 includes the results gath-
ered through the methods presented in the previous chapter. Finally, Chapter 5
details the interpretation of the results in Chapter 4 and discusses the limitations

and future work relevant to our ndings.



Chapter 2

Background

The work described in this thesis involves the application of survival prediction mod-
eling, CT-based radiomics and their dependence on imaging protocols and recon-
struction, and prognostic modeling for OS and HDFS for patients with CRLM. The
relevant details from each of these topics necessary to understand CRC and CRLM,
survival analysis and its approaches, radiomic feature reproducibility and correction

methods, and multimodal modeling are presented in this chapter.

2.1 Colorectal Cancer and Colorectal Liver Metastases

In 2022, CRC accounted for 9.6% of all newly diagnosed cancer cases and 9.3% of all
cancer-related deaths worldwide [1]. A major contributor to CRC's high mortality
rate is the development of distant metastases [3, 4, 5]. In the USA, the 5-year relative
survival rate for colon cancer patients decreases from 91% and 73% for the localized
and regional stages, respectively, to 13% once distant metastases have formed [29].
The statistics for rectal cancer are similar, with a 90% and 74% 5-year relative survival
rate in its localized and regional stage, respectively, and an 18% survival rate for

distant metastases. The most common site of CRC metastasis is the liver, which
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can be attributed to the abundant blood supply and direct connection between the
colon, rectum, and liver as well as the primary tumour's histology and location [6].
It is estimated that 15%{25% of patients diagnosed with CRC will present with
synchronous CRLM, and another 18%{25% will develop CRLM within ve years of
their initial diagnosis [28]. As outlined in the international standards set by the
American Society of Clinical Oncology (ASCO) and the European Society of Medical
Oncology (ESMO), hepatic resection is the gold-standard treatment for patients with
CRLM [30, 31]. This has been shown in multiple studies to be the only potentially
curative treatment to o er patients long-term survival, de ned as the ability to survive
10 years after initial hepatic resection of CRLM [7, 8, 9, 10]. This treatment can
be given on its own or in addition to other therapies, like systemic and regional
chemotherapies, local ablation techniques, and radiotherapies.

To monitor patient prognosis and the e ectiveness of treatments, quantitative
clinical endpoints for patients with CRLM are used. OS is de ned as \the length of
time from either the date of diagnosis or the start of treatment for a disease, such
as cancer, that patients diagnosed with the disease are still alive”, with the start
time de nition depending on the study design and research question being addressed
[32]. While HDFS does not have a formal de nition, it has been de ned in previ-
ous literature in the context of CRLM as the time from curative intent resection to
either recurrence within the liver or death [33]. The 5-year OS rate for those who
undergo curative intent hepatic resection can be 50% [34]. Although this treatment
currently has the highest OS rate of all treatments, 50%{80% of patients will develop
recurrent CRC following their resection [11]. Both initial multi-site recurrence and

early recurrence have been identi ed as independent predictors of OS in patients who
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develop recurrent disease following the resection of CRLM [35]. Approximately 40%
of recurrences from CRLM will occur within the liver, making it a good candidate for
site-speci ¢ survival monitoring.

Having the ability to assess and quantify the risk of having a short OS or HDFS
time could help clinicians de ne which patients would likely need additional therapy
to prevent adverse outcomes, such as recurrence. The current clinical strategy used
to reduce the risk of recurrence is to administer chemotherapies [14]. However, there
is a lack of standardized strati cation criteria detailing which patients will bene t
from this type of intervention along with con icting evidence on how e ective they
are for this purpose [13, 12]. Given the mental, physical, and possible nancial strain
resulting from these types of treatments along with their potential to cause signi cant
liver damage and postoperative complications, optimization of treatment planning is
of the utmost importance. Having the ability to accurately prognosticate survival
risk, especially preoperatively, will optimize individualized care and help improve

survival and recurrence rates for patients with CRLM.

2.2 Radiographic Medical Imaging and Radiomics

In the medical eld, it is advantageous to be able to non-invasively visualize a patient's
anatomy [36]. For this purpose, many types of imaging modalities, including X-ray,
CT, magnetic resonance imaging (MRI), positron emission tomography (PET), and
methods in sonography have been developed. These techniques have a wide range
of uses, with the most common being in diagnostics. Speci cally for CRLM, CT is
the modality of choice for disease staging and follow-up because of its time-e cient

imaging of the chest, abdomen and pelvis areas [37].
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2.2.1 Computed Tomography Imaging

CT images consist of multiple two-dimensional images which are stacked to create
a three-dimensional representation of an object [38]. To create these images, the
CT scanner rotates an X-ray source 360 degrees around the object so X-ray photons
can pass through at multiple angles. As the photons interact with the object, they
lose energy. This is known as attenuation. The degree to which the photons become
attenuated is dependent on the density of the structure they pass through, with higher
density structures absorbing more of the photons than lower density structures. A
photon detector is positioned directly opposite of the X-ray source, which absorbs,
counts, and measures the attenuation of the photons that pass through the object.
These values are then converted into grayscale images such that the pixel brightness
is proportional to the attenuation and is measured in Houns eld Units (HU). When
CT is used to image the human body, the HU correspond to speci ¢ substances and

organs [39]. An overview of these relationships is shown in Table 2.1.

Non-biological materials, such as metals originating from previous operations,
may be present in certain patients. These materials typically have HU values 3000
and can cause radial streaking artifacts [40]. The mechanisms through which these
artifacts are created are called beam hardening and scatter, and are shown in Figure
2.1.

Dependent on the type of disease and the organ it is located in, it is sometimes dif-
cult to di erentiate between a lesion and the surrounding tissues. Contrast-enhanced
CT is used to help highlight these di erences. In the case of liver diseases, an opti-
mal contrast dosage is administered to enhance the liver parenchyma by at least 50

HU [41]. Post-contrast CT images with varying levels of enhancement can then be
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Table 2.1: Houns eld unit values for various human tissues and substances on non-
contrast CT.

Tissue/Substance Houns eld Unit Value

Air -1000
Lung -950 to -550
Fat -100 to -80
Adipose Tissue -200 to -20
Water -4104
Kidney 20 to 40
Pancreas 30 to 40
Blood 50 to 60
Liver 50 to 70
Muscle/Soft Tissue 20 to 100
Spongious Bone 50 to 300
Compact Bone (Cortical) >300

Figure 2.1: A metal artifact exhibiting beam hardening caused by spinal surgery
hardware.

obtained by scanning the patient at speci c time points after the contrast agent has

been administered. The resulting images are de ned as post-contrast phases. There
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are three main post-contrast phases when evaluating the liver: (1) late arterial phase,
(2) portal venous (PV) phase, and (3) equilibrium, or delayed, phase. The PV phase

can detect hypovascular lesions, while the late arterial and delayed phases can aid in
the evaluation of hypervascular lesions. As CRLM are hypovascular, the PV phase
of liver CT imaging is used. The resultant image is one where the enhancement of
the liver parenchyma is at its peak, the portal veins and hepatic arteries are at full

enhancement, and hepatic veins have forward enhancement. The visual di erences

between PV phase and non-contrast imaging are shown in Figure 2.2.

Figure 2.2: A patient's liver captured in (a) a non-contrast enhanced CT image, and
(b) the contrast-enhanced PV phase.

Contrast-enhanced CT is not only used for initial detection of CRLM, but also
plays a critical role in the downstream tasks of treatment planning, treatment mon-
itoring, and prognostication [21]. In the cases of resectable CRLM, surgeons must
plan to leave a su cient amount of normal liver tissue to prevent liver insu ciency
and failure. This is called the functional liver remnant and can be measured on these
images. Contrast-enhanced CT is also used to help monitor disease progression and
response in patients who are receiving chemotherapy. The response to this treatment

is a prognostic feature of CRLM, along with others such as the number, size and
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location of CRLM, quality of the underlying liver, and proximity to vasculature. All
of these features can be derived from these images, which motivates the fact that data
stored within them can be incredibly valuable for prognostication for patients with

CRLM.

2.2.2 Radiomics

The eld of radiomics builds upon the hypothesis that medical images contain data
relevant to clinical problems and that this data can be mined and summarized com-
putationally. Originally introduced by Lambin et al. in 2012 [42], radiomics describes
the quanti cation of heterogeneity and morphology seen in medical images and can be
seen as an alternative to invasive and limited techniques like biopsies. As it is already
clinical practice to collect radiographic images for many diseases, radiomic techniques
are often already compatible with standard work ows. Since it's inception, this eld
has continued to grow rapidly to allow for the capture of tissue and lesion-specic
properties through the extraction of radiomic features.

The most common form of radiomic features are ones which are prede ned mathe-
matically. These features are often separated into three di erent categories: (1) shape
features, (2) intensity features, and (3) texture features [43]. As the name suggests,
shape features describe the shape of the ROI, such as volume and surface area. In-
tensity features, also known as rst-order features, describe the distribution of pixel
or voxel values within a ROI. Finally, texture features describe the local relationships
between neighbouring pixels or voxels and can summarize how heterogeneous a ROI
is. Before feature extraction, imaging lters may also be applied to the data. Com-

mon imaging lIter types for radiomic analysis include Laplacian-of-Gaussian (LoG)
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Iters and wavelet lters [44]. The former combines the image blurring e ects of a
Gaussian lter, controlled by the parameter , with the derivative Laplacian lter
[45]. This is often done to highlight edges within an image. The latter wavelet Iter
uses combinations of low-pass (L) and high-pass (H) Iters along the axes of an im-
age to decompose its signal into speci ¢ sub-bands [46]. The inclusions of radiomic
features derived from the ltered images has been shown to generally increase model
performance [44]. However, this also signi cantly increases the amount of features,
many of which are highly correlated. This higher dataset complexity leads to an
increased need for the use of feature selection prior to modeling.

A typical pipeline for radiomic model development consists of ve main steps [43,
47]. First, medical images are collected, with the modalities chosen being dependent
on the clinical problem. From these images, segmentations of the ROIs are generated.
These can be two-dimensional or three-dimensional regions and are often lesions,
organs, or vasculature. Tumours and organs are common choices of ROIs as the
imaging data from these regions are thought to be relevant to patient prognosis and
treatment response. Then, the process of radiomic feature extraction begins on the
ROIls. At this stage, images may be preprocessed further and Iters may be applied
prior to the features being calculated. Relevant features are then selected for model
training. There are several methods available to do this, such as univariate Cox
regression modeling to assess feature signi cance, calculating the hazard ratios of
the features, and the minimum redundancy maximum relevancy (MRMR) algorithm.
MRMR ranks features based upon their importance to a target variable [48]. The
importance score of a given variable is measured by its mutual information with

the target variable and its mutual information with all other variables. Features
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with greater mutual information with the target variable and low mutual information
with the other variables are ranked the highest. In cases of DL radiomic prediction
models, the feature extraction and selection steps are done automatically within the
architecture. Finally, the models are created from the selected radiomic features and
analysis of model performance is completed.

Although radiomic methods have been shown to generate relevant biomarkers for
a diverse group of tasks, they have yet to see clinical translation. A large contributor
to this is the lack of reproducibility and standardization in radiomics. It is known
that hand-crafted radiomic features are sensitive to how the images are acquired and
reconstructed [27]. Scanner type, pixel and voxel size, inter- and intra-observer seg-
mentation variation, reconstruction kernel, gray level quantization, and slice thickness
are among the parameters which have been detailed to a ect the reproducibility of
hand-crafted radiomic features [49, 50, 51]. Depending on the severity of the in u-
ence and whether it is associated with the clinical task being presented, the impact of
these parameters on radiomic features has the potential to e ect the performance of
the predictive model. It is unclear whether features extracted through DL methods
have the same reproducibility issues.

One approach to handling this phenomenon is to only use features which are
robust to the in uence of protocol variations. However, it is not guaranteed that
reproducible features are biologically relevant, and features which are in uenced by
acquisition and reconstruction parameters may also store important information for
prediction. Hence, it may be more bene cial to create and employ techniques which
correct for these e ects. Several solutions to mitigate the in uence of imaging pa-

rameters on radiomic features have been proposed, including standardizing imaging
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protocols, applying feature selection methods, interpolating images to a common
voxel size, and applying batch e ect correction methods [52, 53]. In particular, re-
sampling to isotropic voxel size and a batch e ect correction method called ComBat
have been shown to reduce feature dependency on imaging protocol variables and in-
crease feature reproducibility [54]. ComBat is an algorithm for batch e ect correction
originally implemented by Johnson et al. for microarray expression data [55]. This
method uses empirical Bayes techniques which estimate the additive and multiplica-
tive e ects of the batch before adjusting the data to mitigate its in uence. It has
also been shown that using ComBat can increase model performance. Speci cally
for CT, Zhuo et al. have shown that batch e ects from voxel size can successfully
be reduced in both phantom and clinical images and ComBat harmonized features
increase classi cation ability between invasive adenocarcinoma and minimally inva-
sive adenocarcinoma compared to voxel resampling [56]. Although e ective, there
are some limitations associated with ComBat. These include the batch e ect needing
to be identi ed prior to its application, a minimum of 20{30 patients needed per
batch for e ective feature harmonization, and the potential requirement of di erent

adjustments for each ROI, data split, analysis method, feature, and batch e ect.

2.3 Survival Analysis

Survival analysis is an area of statistics in which the variable of interest is the time to
an event, called survival time [57]. More speci cally, this eld aims to analyze times
from a clearly de ned start time, referred to as a time origin, until the time that a
speci ed event is observed. The most frequent use cases for this type of study are

found in medical research to predict the risk associated with clinical endpoints, such
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as OS or HDFS, or progression of disease following a speci ¢ therapy [58].

At rst glance, one could attempt to address these questions using tools like linear
or logistic regression. However, these methods are neither appropriate nor su cient
for handling the nuance of survival data [59]. If one uses logistic regression to predict a
binary outcome, survival time di erences between patients cannot be investigated and
relationships between predictors and survival time cannot be evaluated. As a result,
linear regression may appear to be a more attractive alternative as it can predict the
continuous survival time. Despite this, survival data often has a positively skewed
distribution which may result in the violation of the normality assumption for these
types of models. Theoretically, this could be resolved through data transformation;
however, there is one additional aspect of survival data that makes these regression
methods inappropriate. This is the concept of censored data. It is often the case when
working with survival data that the observation of an event cannot be observed within
the study period [60]. When handling this incomplete data, careful consideration must
be taken. Excluding these patients from the analysis risks ignoring important survival
information and can result in biased models [61, 62]. As an alternative approach, a
cut-o survival time can be selected as a threshold to de nitively categorize patients
as having an event occurrence or not [63]. This method is demonstrated in Figure
2.3.

Although applying a cut-o time is a common practice in medical studies, pa-
tients may need su cient follow-up to reach the cut-o point chosen to binarize their
outcomes. The cut-o time may then be decided based on the survival distribution
and censoring information available in the sample population collected. However,

this may result in thresholds that are not clinically meaningful or models which lack
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Figure 2.3: Survival data calibrated to a time origin (a) before and (b) after applying
a cut-o time.

generalizability.

Rather than applying a cut-o value, censoring allows for the use of partial survival
information while not assuming one's event status, mitigating the aforementioned
issues. The most commonly used method for censoring is right censoring, which
is used when a patient's event occurrence, should it happen, lies beyond the time
they were able to be observed [64]. This method produces an underestimate of true
survival time and is illustrated in Figure 2.4. In the medical eld, right censoring is
applicable when a patient does not experience an event within the study period, is
lost to follow-up, or has an experience unrelated to the event which makes observing
the event infeasible in the future [60]. The remainder of this section will concern

methods that are appropriate to use with right-censored data.

2.3.1 Survival Analysis Modeling

The basis of survival analysis modeling comes from the de nition of a survival function

[57]. First, let T be a random variable related to survival time taking values af 0



2.3. SURVIVAL ANALYSIS 18

Figure 2.4: Survival times calibrated to the time origin (a) before and (b) after right-
censoring.

representing true survival times of patients. The cumulative distribution function of
T, denoted asF (1), is then

Z,

F()=P(T <t)= f (u)du; (2.1)
0

wheref (u) is the probability density function of T. Here, F (t) describes the proba-
bility of a survival time being less than a givert. In survival analysis, it is often the
case that one is concerned with modeling the probability that a patient will survive
past a timet from the time origin. This is the complement of the above-de nedF (t)

and is called the survival function, which is expressed &t):

S)y= P(T t)=1 F(b): (2.2)

An extension of the survival function is the hazard function, which describes the

instantaneous risk, or hazard, of a patient experiencing an event at timteconditional
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on the patient surviving up to that time. This is denoted ash(t):

Pt T<t+t)T 1)
t 1

h(t) = Iitr!nO (2.3)
with a greater hazard being associated with a greater risk of the event occurring at
time t. In practice, estimating h(t) is complex. Therefore, it is a common practice
in survival analysis to estimate the cumulative hazard functiorH (t). As shown in
Equation 2.4, this is de ned as the area under the hazard function from the time
origin to time t and is directly related to the survival function S(t):
YA t
H(t) = h(u) du=  logS(t) (2.4)
0
H (t) is often estimated by the non-parametric Nelson-Aaelen estimator, described
as
Xt d
H(t) = —; (2.5)
tiy
wheret represents thei" time interval in which an event occurs, ordered from
closest to furthest from the time origin, andd; and n; are the number of events and
number of individuals at risk att.
The cumulative hazard and the survival function are estimated using the survival
data of the sample population and one or more covariates, which may include but
are not exclusive to demographic, clinical, pathological, genetic, or imaging data.

Modeling techniques can range from statistical models, to more complex machine

and DL frameworks.
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Cox Proportional Hazards Models

The Cox proportional hazards (CPH) regression model is the most common statistical
methodology used in survival analysis [65]. First developed by Cox in 1972 [66], this
is a semi-parametric method which aims to explain the relationship between survival
and the covariate(s) used. The CPH model is based upon the proportional hazards
assumption, which states that between two groups of survival times, the hazard of
the event at a given timet for an individual in one group is proportional to that

of a comparable individual in the other group at that same time. Through this

assumption, the model can estimate an individual's hazard function based upon a
linear combination of the covariates given. The general mathematical form of this

model is as follows:

hi(t) = ho(t)e 1X1i+ 2X2i+ it nXnpj ; (2.6)

where h;(t) is the hazard function for the i individual at time t, ho(t) is the
baseline hazard function at timet that represents a hazard function whose vector of
covariates is the zero vectons, is the value of them™ covariate corresponding to the
i™ individual, and |, is the coe cient representing the impact of them™" covariate
on the hazard function.

In order to obtain an estimation of the hazard for a given individual, the co-
ecients 1; ,;:: , must be approximated. This is done through the method of
maximum likelihood, with the relevant likelihood equation being described by Cox as

Y e %

L(D= P—— (2.7)
i=1 k2R(ti)e~%<
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where ¥ is the vector of covariates for the individual who has experienced an event
at time t;, i = 1;::;r corresponds to the survival times associated with individuals
who have had an event, ordered from closest to furthest from the time origin, and
R(ti) represents the set of individuals who have not experienced an event and have
not been right-censored before time;, known as the risk set. As it is right now,
this equation does not take into account the censored survival times or individuals
who have tied survival times with another individual inR(t;), the likelihood function
estimated is not a true representation of the likelihood. Therefore, this is known as
the partial likelihood function.

Note that the estimation of ~ is not dependent on knowing the baseline hazard
function hg(t), making the CPH model an attractive method for modeling survival
data and predicting risk. Indeed, the CPH model is the most commonly used statis-
tical model in survival analysis [65]. However, the proportional hazards assumption
and the linear nature of the model limits its ability to capture more complex relation-
ships between the given covariates and the outcome of interest. Models which are not
dependent on these types of assumptions and structures, such as machine learning

models, are worth exploring in tandem with CPH models as a result.

Random Survival Forests

One of the most popular machine learning methodologies for survival analysis is the
random survival forest (RSF) [67]. Originally proposed by Ishwaran et al. in 2008,

the RSF is an extension of Breiman's random forest model [68, 69]. Unlike other
tree-based models which are speci c to classi cation or regression tasks, the RSF is a

modi ed ensemble of binary trees which is designed to handle right-censored survival
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analysis. In a RSF, the splitting criterion used to create each tree make use of the
survival and censoring information available, the tree node impurity measurement is
modi ed to measure how well survival di erences are separated, and the predicted
values for the trees and forest along with the prediction accuracy measurements in-
corporate survival information.

To create a survival tree in an RSF, individuals are randomly chosen from the
sample population through bootstrapping. From this sample, some data is set aside
to monitor error when building the tree, called out-of-bag (OOB) data. Then, the
survival tree is created by randomly selectingh potential covariates at each node and
splitting said node based on the covariate which maximizes the survival di erence
between the leaf nodes. The tree will continue to grow until the leaf nodes contain a
minimum of d events. Once the tree is fully grown, the cumulative hazard function is
estimated using the Nelson-Aalen estimator described in Equation 2.5. This process
is repeated to produce a full survival forest of a given size. The cumulative hazard
functions of each tree are then averaged to give the cumulative hazard function of the
nal ensemble.

Along with applications in survival prediction, Ishwaran et al. has demonstrated
that the methods used to estimate variable importance in Breiman's random forests
can also be extended to RSFs. For a chosen covariate the variable importance
is obtained using permutation importance. First, the data is dropped through it's
corresponding tree until it reaches a node whesg is used for splitting. Once this node
is reached, the individual is assigned to a leaf node randomly. This is repeated across
the trees in the RSF. The importance ok; is measured by the di erence between the

prediction error for the original RSF and the prediction error for the permuted RSF.
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A positive value of importance corresponds to a variable that has prognostic abilities,
whereas a negative or zero importance value corresponds to a variable which does not
contribute meaningfully to the prediction of survival. The larger a positive importance
value is, the greater its ability to help discriminate between survival di erences.

The RSF is an appealing model to use for survival analysis as it is not constrained
by a linear risk scoring function or the proportionality assumptions found in methods
like the CPH model. However, it is not without its own limitations. When constructed
with increasing numbers of covariates and individuals, the risk of over tting increases
[70]. This is especially observed when fully grown trees within the survival forest are
generated until all leaf nodes are pure. In order to mitigate this risk, dimensionality
reduction and feature selection are often applied before the RSF is created. Hyperpa-
rameters controlling the maximum depth of the survival trees, the minimum amount
of samples needed to split a node, and the minimum amount of samples needed in
each of the left and right leaf nodes after a split can also be tuned to help reduce the

risk of over tting.

Survival Support Vector Machines

In machine learning, the support vector machine was originally designed for binary
classi cation problems but has since been expanded to multi-class classi cation and
regression tasks [71]. This method aims to nd one or more hyperplanes which will
optimally separate classes in a classi cation task or will t the data within a given
accuracy in a regression task based upon the feature vectors of the sample population
[72]. In cases where there are non-linear relationships within the data, a kernel func-

tion is applied to map the data from its original input space to a higher-dimensional
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space, called a feature space, before nding the optimal hyperplane(s) within that
new space [71].

Similar to what the RSF is to the random forest, the survival support vector
machine (SSVM) adapts the support vector machine to accommodate right-censored
survival data. The SSVM is based upon a previous extension of this model type called
the ranking support vector machine [73]. Here, the objective is to optimize a ranking
function which closely approximates the ground truth order of the data while also
remaining generalizable. In the context of survival analysis, the objective is to rank
patient pairs such that patients with shorter survival times have a lower risk ranking
than patients with longer survival times [74]. In a dataset where all survival times are
known, a SSVM uses all possible pairs of patients to nd the ranking function. This
is equivalent to the ranking support vector machine. However, the incorporation of
right-censored data results in some patient pairs being incomparable. In cases where
two patients are censored or when a patient's censored time is less than the known
survival time of another patient, the underlying ranking of the patients are unknown.
Therefore, only patient pairs where both patients are uncensored or the patient with
a lesser survival time is uncensored are considered when nding the optimal ranking

function. De ne the set of all comparable patient pairs as
P=f@;j)jti>t; ~((6=0"¢g=0_(G=1"G=0)0g,; (2.8)

where (;]j ) represents the pair of patients andj, t; andt; represent the survival
times of patienti and j, and ¢ and ¢ indicates whether a patient is censored (i.e.
¢ = 0) or had an event (i.e. ¢ = 1). To nd the optimal ranking function, the

generalized optimization problem is then formulated as
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X
min }ksz +§ max(0; 1 (f (xi) f(xj)))z; (2.9)

f 2Hyer Hicr (i )2P

with f : XX 1 R being a function within a reproducing kernel Hilbert spacél i,
and x; and x; representing the feature vectors for patient and j, respectively.

The SSVM's ability to handle non-linear, high-dimensional data, and small input
data sets has made it a popular choice for a wide variety of problems. However, there
are two major disadvantages to using them in survival analysis. The rst is that the
kernel matrix becomes increasingly computationally expensive as the dataset becomes
larger, making training an SSVM on such a sample population very slow. The other
is that the ranking predictions made by the model are not directly related to the

standard survival analysis outputs, such as the cumulative hazard function.

Deep Learning Survival Models

DL is an increasingly popular methodology in a multitude of research elds. It is

a subset of machine learning based upon the structure of biological neural networks
and its decision-making abilities [75]. The general architecture of these models involve
two visible layers, called the input and output layers. The input layer receives data,
while the output layer creates the nal prediction for the task. In between these two
visible layers are two or more hidden layers where the input data is transformed and
features are synthesized through a series of neuron combinations [76]. Unlike other
machine learning models, DL models are not limited to having structured inputs and
can instead input raw data, such as images or unstructured text data. This allows for
features to be learned directly from said data instead of relying on prede ned features,

which may limit the amount of information a model can learn from. In addition, these
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models are more well-suited for large, high-dimensional datasets, empowering the
ability to discover increasingly complex interactions between the extracted features
and between the features and the target task.

A major development over the last 25 years in survival analysis has been the in-
corporation of these DL methods [77]. In 1995, the rst neural network incorporating
censored data and survival prediction was conceived by Faraggi and Simon [78]. This
was inspired by the CPH model, where the linear combinatiorx is replaced with
a feed forward neural network. In 2018, this work was extended by Katzman et al.
to create DeepSurv, a DL model for survival prediction from tabular data [79]. This
model showed that DL can be used successfully with clinical, gene and protein ex-
pression data, and that it can outperform RSFs. Since then, many have built upon
the concept of DeepSurv to expand past tabular data. More speci cally, the use of
convolutional neural networks (CNNs) have introduced the ability to make survival
predictions directly from medical images. Haarburger et al utilized a pre-trained
ResNetl8 model with ne-tuning on computed tomography (CT) imaging data to
extract features to predict survival for patients with non-small-cell lung cancer [80].
Zhu et al created DeepConvSurv, a CNN motivated by DeepSurv to predict survival
from unstructured pathological images of patients with lung cancer [81]. Both of
these methods were shown to outperform traditional CPH methods.

DL models have enormous potential as both the types of data and the amount
of data available for model development expand. However, there are some major
disadvantages to using these methods. The rst is the lack of interpretability [82].

DL models are often considered \black-box" models, where predictions are made but
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the reason why is obscured within the hidden layers. As a result, making extrapola-
tions about the relationships between disease and outcome are di cult and can slow
the process of clinical adoption of such methods. Another limitation is how prone
these models are to over tting, especially when working with CNNs. Using high-
dimensional data, such as images, can yield multiple complex features speci c to the
training data which may result in the model not generalizing well to other datasets
[83]. Having both the survival event indicator and survival time as labels also adds
another layer of complexity which may exacerbate over tting [82]. Finally, DL mod-
els often require large amounts of data in order to be e ective, which can be both
di cult and time-consuming in the eld of medicine. Therefore, careful consideration

of these aspects of DL should be done prior to incorporating them into study design.

2.3.2 Multimodal Models

Multimodal models incorporate two or more types of data to create their predictions.
These models are usually created through fusion [84, 85]. There are three main types
of fusion modeling techniques: early, intermediate, and late fusion. In early fusion,
features from all modalities are combined before feature selection and the subsequent
model is created from those selected. Intermediate fusion uses a similar approach to
early fusion, but adds a dimensionality reduction step before features are used for
model creation. This reduction can be done on each individual modality or on com-
bined modalities. Finally, late fusion involves creating individual, unimodal models
before combining the resulting predictions together, either through an aggregation

function or in another model, to produce a nal prediction. This type of fusion has
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the advantage of learning complementary information dynamically from each modal-
ity. Increases in survival prediction performance have been shown for multimodal late
fusion across multiple di erent cancers and often outperform early fusion strategies

[86, 87].

2.3.3 Metrics of Evaluation for Survival Analysis Models

As itis in other applications of machine learning and statistics, it is important to know
how well a given model performs before conducting external validation or deploying
the model for real-world application. In survival analysis, the goal is to be able to
discriminate between patients based upon their predicted risk. More speci cally, given
the patients who experience the event of interest, called \cases", and the patients who
do not, called \controls", the performance of a model is based upon whether it ranks
the cases with a higher risk compared to the controls [88]. A metric which measures
this discrimination is called the concordance index (C-index). This is an estimate
of the conditional probability that the predicted risk for a case is higher than the
predicted risk for a control in any case-control pair. When the outcomes are binary,
the C-index is equivalent to the area under the receiver operator characteristic curve
(AUROC). The range of a C-index is [Q1]. A C-index of 1 indicates that, given the
observed survival times of the patients, the model perfectly ranks patient risk. A
C-index of O represents a model which ranks patients in the exact opposite order of
risk. Finally, a C-index of 0.5 represents a random model.

In all C-indices, only certain pairs are considered to be comparable [89]. In the
cases where there is right-censored data present, a pair is de ned to be comparable if

the two survival times are unique and the time closest to the time origin is uncensored.
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In 1986, Harrell introduced a C-index made speci cally to evaluate survival prediction

models [90]. Harrell's C-index de nes the concordance probability as

Cy=P(H >H; T <T; ;T < min(D;;D,)); (2.10)

where H; and H; are the predicted risks of patienti and j, respectively, T; and
T; are the survival times of patienti and |, respectively,D; and D; are the censoring
times, respectively, and patienti and j are a comparable pair.

To estimate this, the following method is used:

P
6i ! L(Xi <X (Hi >Hj)

Cy =
4 i6] il(xi<xj)

(2.11)

Here, ; is the event indicator taking values of 1 if the patient experiences an
event or O if the patient is censored| (X; < X ) is the indicator variable of whether
patient i's observed timeX; is less than patientj 's observed timeX;, and | (H; > H )
is the indicator variable of whether patienti's predicted risk is higher than patient
]'s. The patient pair is said to be concordant if the patient with the earlier observed
time also has the higher predicted risk. Harrell's C-index therefore represents the
proportion of the total number of permissible concordant pairs based on the total
number of comparable pairs.

Although Harrell's C-index is extensively used in survival analysis, it is known
that this metric converges to a measure that involves the censoring distribution of
the sample population [88]. The consequence of this is that Harrell's C-index produces
overly optimistic estimations of performance as the number of censored patients in-

creases. As a result, Uno et al. introduced a non-parametric alternative to Harrell's
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C-index which is not dependent on the censoring distribution. Uno's concordance

probability is de ned as

CU = P(Hi > Hj J T, <Tj)1 (212)

Uno's estimation of the above equation utilizes the inverse probability weighting
technique from Cheng et al. [91]. The estimation of Uno's C-index is de ned by the

following equation:

L fG(H)G 21 (X <X 3X < )I(Hi >H))
L fG(H)G 210X <X [iXi < )

; (2.13)

where G?) is the Kaplan-Meier estimator for the censoring distributionG(t) =
P(D >t) and is a prespecied time point such thatP(D > ) > 0. This gives
a less biased estimation of model performance in the presence of large amounts of

censored data.

2.4 Prognostic Modeling for Colorectal Liver Metastases

As the mortality and recurrence rates after hepatic resection of CRLM remain high,
the development of survival prediction models continues to be an urgent and impor-
tant problem. There have been e orts over the past few decades to help identify
potential biomarkers for death and recurrence along with prognostic models for these
clinical endpoints. The majority of the initial prognostic models developed in the
1990s and 2000s incorporate preoperative clinical features. In more recent literature,

prognostic models have been developed using these clinical features, genomic features,
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radiomic features, and the combination of multiple feature types.

2.4.1 Clinical Models

Several prognostic models for predicting patient outcome following the resection of
CRLM have been created [92]. Earlier models exclusively used binary cuto s of preop-
erative clinical variables as biomarkers. These include Fong's clinical risk score (CRS),
Nordlinger's prognostic scoring system, Nagashima's model for hepatic resection can-
didate selection, and Konopke's clinical score for survival prediction [17, 18, 19, 93].

Details regarding each of these scores are shown in Table 2.2.

Table 2.2: A summary of clinical risk scores for the prediction of outcomes for patients
with colorectal liver metastases.

Author Year Dataset Variables
Size

Nordlinger et al 1996 1568 Age 60 years, CRLM number 4,
DFI < 24 months, largest CRLM >
5 cm, node positive primary, resection
margin> 1 cm, stage of primary T3

Fong et al 1999 1001 CRLM number 1, DFI < 12 months,
largest CRLM > 5 cm, node positive
primary, preoperative CEA level> 200
ng/ml

Nagashima et al 2006 173 CRLM number 1, largest CRLM >
5 cm, DFI < 12 months, extrahep-
atic metastases, node positive primary,
stage of primary T3

Konopke et al 2009 201 CRLM number 4, preoperative
CEA level 200 ng/ml, synchronous
CRLM

CRLM = colorectal liver metastases, DFI = disease-free interval from primary
resection to CRLM diagnosis, CEA = carcinoembryonic antigen.
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Of the clinical scoring systems created, Fong's CRS was considered to be the gold-
standard risk prediction model. This model strati es patients into low, intermediate,
and high-risk groups for 5-year disease-free survival (DFS) based upon a 5-point
scoring system created from the corresponding variables outlined in Table 2.2. DFS
was de ned as the time from resection until death or recurrence. Although it may
still be used in practice, Fong's CRS is not considered to be clinically relevant due
to the lack of external validation and the aged dataset that it was created on [94].
However, the individual variables remain prognostically relevant.

Since the creation of these clinical scores, several biomarkers and prognostic mod-
els have been proposed. In 2018, Sasaki et al. created the Tumour Burden Score
(TBS) to predict 5-year OS following curative-intent hepatectomy of CRLM [95].
The TBS is calculated using the size of the largest CRLM and the total number of

CRLM as continuous variables and relating them using the Pythagorean Theorem:

TBS? = (maximum CRLM diameter) 2 + (number of CRLM) 2 (2.14)

By keeping the variables continuous, it improves upon the loss of power, con-
founding, and bias which arises from dichotomization [96]. Similar to Fong's CRS,
this method strati es patients into three risk groups. When comparing the TBS and
the dichotomization of size and number of CRLM presented in Fong's CRS, it was
shown that the TBS had better discriminatory power.

More recently, prognostic models which incorporate genetic and clinical variables
have been created. Margonis et al. created the Genetic and Morphological Evalua-
tion (GAME) score in 2018 [97]. This scoring system incorporates CRC nodal status,

the TBS, preoperative CEA levels, and the presence of extrahepatic disease with the
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mutation status of the KRAS gene. This gene has been associated with the growth,
maturation, and death of cells along with recurrence after resection of CRLM in
previous work [98]. The GAME score was shown to be more accurate in predicting
5-year OS than Fong's CRS, with a Harrell's C-index of 0.625 compared to 0.584
for Fong's CRS. In 2020, the Comprehensive Evaluation of Relapse Risk (CERR)
score was proposed by Chen et al. to predict relapse-free survival (RFS) [99]. The
CERR utilized a combination of CRC nodal status, extrahepatic disease, preoper-
ative CEA levels, carbohydrate antigen 19-9 (CA19-9) levels, KRAS/NRAS/BRAF
mutation status, and a modi ed TBS (mTBS) consisting of CRLM size and number
and whether a patient had unilobar or bilobar metastases. In internal validation, the
CERR score achieved a C-index of 0.630. This showed better discriminatory abilities
compared to Fong's CRS and the GAME score, with C-indices of 0.586 and 0.602,
respectively. In 2022, Buisman et al. proposed a prognostic model to predict 10-year
OS following resection of CRLM using patient, tumour, and treatment characteristics
[100]. This model consisted of fteen prognostic factors: age, gender, CRC location,
CRC nodal status, DFI, number of CRLM, diameter of largest CRLM, preoperative
CEA, resection margin, extrahepatic disease, KRAS mutation status, BRAF muta-
tion status, histopathological growth pattern, perioperative systemic chemotherapy,
and perioperative hepatic arterial infusion pump HAIP chemotherapy. This model
achieved an AUROC of 0.73 in cross-validation and was notably higher than Fong's
CRS (AUROC: 0.62) and the GAME score (AUROC: 0.66). Although this model
performs well, it should be noted that this is not a preoperative model as histological
growth patterns must be assessed on CRLM resection samples.

While these clinical models have either been used routinely in the clinic or have
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shown promising predictive performances, it is important to mention that many of
these models create subgroups of patients for prediction and use a specic cuto
survival time. This can lead to major di erences in treatment planning despite the
patients' similarities. Some models also lack external validation. In a study by Bolhuis
et al., it was shown that the GAME score and Fong's CRS had 5-year OS C-indices
of 0.597 and 0.577, respectively, when externally validated [25]. The performance was
decreased when trying to predict 3-year DFS, with C-indices of 0.579 and 0.581 for
the GAME score and Fong's CRS, respectively. In addition to this, models which
include genetic information require additional testing to be conducted, which can be
costly and may not be fully integrated into the clinical work ow at all institutions.
Therefore, there is still a need to develop more accurate, preoperative, and non-

invasive prognostic models for patients with CRLM.

2.4.2 Radiomic Models

Using radiomic approaches for the purposes of predicting survival and recurrence is
grounded in former work in analyzing texture in CRLM and the surrounding liver
parenchyma. Ganeshan et al. was able to identify di erences in texture from disease-
free areas of the liver in patients with CRLM when compared to patients with no
tumours within the liver and patients with extrahepatic disease using entropy and
uniformity features from LoG- Itered non-contrast enhanced CT [101]. Beckers et
al. further investigated entropy and uniformity of the CRLM and liver parenchyma,
but used PV phase contrast-enhanced CT and analyzed feature associations to several
clinical outcomes, including OS [102]. They found that the ratio of CRLM entropy and

liver parenchyma entropy was associated with OS, but not signi cantly in multivariate
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analysis. Simpson et al. analyzed the texture of the CRLM and liver parenchyma
through gray level co-occurrence matrix (GLCM) features using contrast-enhanced
CT [33]. It was shown that liver parenchyma texture was an independent predictor
of OS and HDFS and that tumour texture was signi cantly associated with OS.

This evidence helped to inspire the creation of radiomic prognostic models for
patients with CRLM. Wang et al. created radiomic subgroups from 197 patients with
CRLM to predict 1, 3, 5, and 10-year OS, DFS, and HDFS using CPH modeling [28].
The radiomics model had median time-dependent AUC values of 0.66, 0.59, and 0.58
for OS, DFS, and HDFS, respectively. The performances of these radiomic models
were compared to Fong's CRS and the TBS, and it was shown that the radiomics

model generally outperformed both established risk scores.

2.4.3 Multimodal Models

In the space of CRLM survival prediction, the most common multimodal models
combine clinical and radiomic features in intermediate fusion. Montagnon et al. used
intermediate fusion to predict time to recurrence and disease-speci c survival for
patients with CRLM undergoing systemic chemotherapy and/or hepatic resection
[22]. Radiomic features were extracted from all lesions in a 241 patient cohort. These
features were then aggregated before being combined with Fong's CRS prior to feature
selection. The two main survival model architectures used in this study were RSFs
and DeepSurv. The median test set C-indices reported for the RSF models were 0.60
and 0.57 for time to recurrence and disease-specic survival, respectively. Higher
performances were seen for the DeepSurv models, with median test set C-indices of

0.70 and 0.60 for time to recurrence and disease-speci c survival, respectively. Luo
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et al. also used an intermediate fusion approach with 197 patients to predict DFS
[23]. Their approach used a binarized radiomic signature created from a penalized
Cox model or a RSF and clinical features combined into a nal CPH model. The
model which combined the penalized Cox binarized radiomic signature with clinical

features achieved the highest C-index of 0.78 on the test set.
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Chapter 3

Methods

In this chapter, the necessary steps to create clinical, radiomic, and clinicoradiomic
OS and HDFS prognostic models for patients with CRLM are outlined. Relation-
ships between CT image slice thickness and radiomic features are also explored. An
overview of the full pipeline is displayed in Figure 3.1. Icons in this gure are by
kerismaker, dewi sari, slamlabs, smashicon, RAGIL HERU FITRIYAN, FauzIDEA,

Becris, Reddie, pojok d, and Freepik from aticon.com.

3.1 Patient Population and Exclusion Criteria

Our study was approved by the Institutional Review Board at Memorial Sloan Ket-
tering Cancer Center (MSK) and the Research Ethics Board of Queen's University.
Patients who were eligible for hepatic resection of suspected CRLM were queried (n =
1,591) from February 2001 to August 2024 from the institutional databases at (MSK)
(n =991) and MD Anderson Cancer Center (MDA) (n = 600). Preoperative imag-
ing, demographic, clinical, and survival data were collected from electronic medical
records.

In order to be included in this work, patients must have had preoperative, PV
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Figure 3.1. An overview of the methods used to create prognostic models for CRLM
patients following hepatic resection.

phase axial CT taken within 120 days of resection with at least one visible CRLM. Pa-
tients who had received non-standard treatments, such as Y90, Cyberknife, or three-

stage hepatic resection, or had radiofrequency ablation procedures for their CRLM
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were excluded as the e ects these treatments have on radiomic features are either
not well documented or are known to a ect the attenuation of the metastasis and
surrounding tissues. Patients with incomplete, non-curative intent, or R2 resections
were excluded along with patients that had underwent hepatic resection previously or
had concurrent malignancies as these would impact recurrence and survival times. All
patients included had their CRLM con rmed by pathology following their resection.
Included patients were then split into two separate 80:20 train and test groups for
each event of interest. These data splits were strati ed based upon their correspond-
ing survival event variable to guarantee similar proportions of events in the training
and testing split. To gain insight into potential bias regarding clinical characteristics
between the train and test splits, chi-square tests and two sample t-tests were used.
Q-Q plots were created to assess the normality assumption for the continuous vari-
ables. If this assumption was not met, the Mann-Whitney U test was used instead.
These train-test splits were kept consistent to create the unimodal and late fusion

multimodal survival prediction models for OS and HDFS.

3.2 Imaging Data Preprocessing

Patients had their imaging data manually curated using 3D Slicer [103]. The CT
imaging was originally stored in the Digital Imaging and Communications in Medicine
(DICOM) le format. All CT series data available for each patient had their PV phase
scan identi ed through visual assessment. The CT acquisition containing only the
axial abdominal imaging was identi ed for each PV phase scan. All acquisitions were
reconstructed with a standard or soft tissue convolution kernel. These series were

then converted from DICOM format to the Neuroimaging Informatics Technology
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Initiative (NiFTI) le format in preparation for automated segmentation. The liver
parenchyma, hepatic vessels, and all CRLM were segmented by Dr. Mohammad
Hamghalam using his custom 3D No New U-Net (nnU-Net) model [104]. An example
of the segmentation of the two main ROIs, the liver parenchyma and CRLM, is shown
in Figure 3.2. The liver parenchyma is segmented in green while the colorectal liver

metastases are segmented in yellow.

Figure 3.2: A CT image before (a) and after (b) automated segmentation prior to
manual assessment for quality.

At this stage, all CRLM were segmented as one mask. Each segmentation was then
manually assessed for quality and corrected if necessary. The automatic segmentation
model was iteratively updated using the correction to improve on the performance.
Common errors requiring correction include the misclassi cation of benign cysts and
the gallbladder as CRLM, misclassi cation of the kidney, spleen, or stomach as liver

parenchyma, and incomplete tumour segmentations. Examples of such errors are
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shown in Figure 3.3.

Figure 3.3: Segmentation errors of (a) a large, benign cyst (left) segmented as a
colorectal liver metastasis (right), (b) the spleen segmented as liver parenchyma, and
(c) a heterogeneous colorectal liver metastasis.

In 68 of the 1,301 CT series, metal artifacts a ected the image quality of some
slices. The degree to which the artifact a ected the image was largely dependent on
the size and reason of the metallic implant. Artifacts from small surgical clips due to
a cholecystectomy were often mild and resulted in minimal streaking. Embolization
coils, ducials, and spinal hardware often resulted in moderate to severe streaking

across the liver region. Figure 3.4 depicts the di erent levels of severity of the artifacts
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encountered within this dataset.

Figure 3.4: Degrees of severity of metal artifacts within the dataset. (a) Mild artifact
caused by embolization coils, (b) moderate artifact from cholecystectomy clips, (c)
severe artifact from embolization coils.

Mild artifacts did not signi cantly a ect the segmentation of the CRLM or the
liver parenchyma, therefore no additional corrections were applied. In images where
moderate to severe metal artifacts were present, the liver parenchyma and CRLM
segmentations were often a ected. For this case, the largest range of slices which
had no artifact was noted for radiomic feature extraction. For the hand-crafted
radiomic features, segmentation corrections were then applied to include the artifact.

This two step process for these features was done to preserve the shape radiomic
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features while also ensuring the integrity of the intensity and texture features. For
the deep learning radiomic feature extraction, the segmentation mask only included
slices which were within the largest una ected range to make sure that the models
would not be in uenced by the presence of the artifacts.

Once all segmentations were assessed and corrected, all CT series and their cor-
responding segmentation masks were interpolated to 1 mm isotropic voxels using

B-spline interpolation from the PyRadiomics Python library [105].

3.3 Radiomic Feature Extraction

Dependent on the mode of radiomic feature extraction, di erent methodologies were
applied. For hand-crafted radiomic features, the PyRadiomics library was used for
feature extraction [105]. Deep learning radiomic features were extracted from custom-
made DeepSurv ensemble models created by Ramtin Mojtahedi for each outcome of
interest.

There were three main ROIs that were de ned for radiomic feature extraction: the
liver parenchyma, the largest CRLM by volume, and the whole liver consisting of the
liver parenchyma and all CRLM. The latter ROl was only used during deep learning
feature extraction as this method could automatically assess features associated with
the interaction of the CRLM borders and the surrounding tissues without the need for
speci ¢ peritumoural segmentations. The largest CRLM by volume was determined
by rst separating the CRLM mask containing all the tumours into individual masks
for each tumour. This was done by assessing the connected components of the CRLM
mask. Con uent CRLM were kept together and counted as one tumour. PyRadiomics

was then used to extract the mesh volume of each tumour. The CRLM mask with
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the largest volume measurement was chosen as the ROI.

Hand-Crafted Radiomic Features

PyRadiomics was used to extract 14 3D shape, 252 intensity, and 1,050 texture fea-
tures from both the liver parenchyma and the largest CRLM by volume using the
original images as well as 13 ltered images. Eight of the Itered images were cre-
ated using the default wavelet Iters, while the other ve were generated using LoG
Iters with width 2 f1;2;3;4,50 mm. Resegmentation was conducted to exclude
pixels with values outside of a 0{300 HU range as they correspond to non-hepatic tis-
sues. The default bin width of 25 was used for all ROIs. Texture features included all
GLCM, gray level run length matrix (GLRLM), gray level size zone matrix (GLSZM),
gray level dependence matrix (GLDM), and neighbouring gray tone di erence matrix
(NGTDM) features. A full list of the types of radiomic features extracted is given in

Table 3.1.

Deep Learning Radiomic Features and Risk Prediction Scores

Additional preprocessing steps were taken to extract deep learning radiomic features.
This included standardizing imaging intensity and resizing the CT images into 64

64 64 volumes to accommodate for computational limitations. For each of the ROIs
and survival outcomes, 128 deep learning radiomic features were extracted from the
deepest convolutional layer of the models. Risk prediction scores corresponding to

each combination of ROI and survival outcome were also extracted.
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Table 3.1: List of extracted hand-crafted radiomic features.

3D Shape

Elongation

Flatness

Least Axis Length

Major Axis Length

Maximum 2D Diameter (Column)
Maximum 2D Diameter (Row)
Maximum 2D Diameter (Slice)
Maximum 3D Diameter

Mesh Volume

Minor Axis Length

Sphericity

Surface Area

Surface Volume Ratio

Voxel Volume

Intensity

10" percentile

90t percentile

Energy

Entropy

Interquartile Range
Kurtosis

Maximum

Mean Absolute Deviation
Mean

Median

Minimum

Range

Robust Mean Absolute Deviation
Root Mean Squared
Skewness

Total Energy

Uniformity

Variance

GLRLM

Gray Level Non-Uniformity

Gray Level Non-Uniformity
Normalized

Gray Level Variance

High Gray Level Run Emphasis

Long Run Emphasis

Long Run High Gray Level Emphasis

Long Run Low Gray Level Emphasis

Low Gray Level Run Emphasis

Run Entropy

Run Length Non Uniformity
Run Length Non Uniformity
Normalized
Run Percentage
Run Variance
Short Run Emphasis
Short Run High Gray
Level Emphasis
Short Run Low Gray
Level Emphasis

GLDM
Dependence Entropy
Dependence Non-Uniformity
Dependence Non-Uniformity
Normalized
Dependence Variance
Gray Level Non-Uniformity
Gray Level Variance
High Gray Level Emphasis
Large Dependence Emphasis
Large Dependence High Gray
Level Emphasis
Large Dependence Low Gray
Level Emphasis
Low Gray Level Emphasis
Small Dependence Emphasis
Small Dependence High Gray
Level Emphasis
Small Dependence Low Gray
Level Emphasis

GLCM
Autocorrelation
Cluster Prominence
Cluster Shade
Cluster Tendency
Contrast
Correlation
Di erence Average
Di erence Entropy
Di erence Variance
Inverse Di erence
Inverse Di erence Moment
Inverse Di erence Moment
Normalized
Inverse Di erence Normalized

Informational Measure of
Correlation 1
Informational Measure of
Correlation 2
Inverse Variance
Joint Average
Joint Energy
Joint Entropy
Maximal Correlation Coe cient
Maximum Probability
Sum Average
Sum Entropy
Sum Squares

GLSZM
Gray Level Non-Uniformity
Gray Level Non-Uniformity
Normalized
Gray Level Variance
High Gray Level Zone Emphasis
Large Area Emphasis
Large Area High Gray
Level Emphasis
Large Area Low Gray
Level Emphasis
Low Gray Level Zone Emphasis
Size Zone Non-Uniformity
Size Zone Non-Uniformity
Normalized
Small Area Emphasis
Small Area High Gray
Level Emphasis
Small Area Low Gray
Level Emphasis
Zone Entropy
Zone Percentage
Zone Variance
Zone Variance

NGTDM
Busyness
Coarseness

Complexity
Contrast
Strength

GLRLM = Gray Level Run Length Matrix, GLDM = Gray Level Dependence Matrix, GLCM =
Gray Level Co-Occurrence Matrix, GLSZM = Gray Level Size Zone Matrix, NGTDM =
Neighbouring Gray Tone Di erence Matrix

3.4 Analysis of Radiomic Feature Slice Thickness Relationship

The slice thickness for each of the CT series was obtained from their DICOM header

metadata. In some cases where the DICOM header for slice thickness was empty, the

slice thickness value for that series was measured using the z-axis spacing between
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CT slices with the assumption that these values were approximate to each other.

To search for inherent patterns related to slice thickness in each feature set, prin-
cipal component analysis (PCA) was used. All radiomic features were normalized
using z-score normalization before the PCA components were calculated. Features
which had 50% or more values which were identical were removed. Values were then
restricted to the I and 99" percentile to remove any outliers which could skew
the PCA visualization. Each PCA plot was created using the same feature groups
each downstream model would use. For the hand-crafted radiomic features, the liver
parenchyma and largest volume CRLM features were combined together. Deep learn-
ing radiomic features were separated by their ROl and the survival outcome the model
was trained for. Spearman correlation between each feature and slice thickness was
calculated to gain insight into the magnitude of the relationship. A threshold of 0.7
was used to de ne features as being highly correlated. To assess whether slice thick-
ness had a signi cant relationship with the survival outcomes of interest, permutation
log-rank tests were conducted. For each survival outcome, 5,000 permutations were

used. The permutation log-rank test utilized was from the clinfun package in R [106].

3.5 ComBat Feature Harmonization

Hand-crafted and deep learning radiomic feature sets which appeared to have clus-
tered by slice thickness in the PCA were further processed using ComBat feature
harmonization [55]. Hand-crafted radiomic features were kept separate from the deep
learning radiomic features and were further subset by ROI and survival outcome.
This is in accordance with the guidance for applying ComBat for imaging biomarkers

presented in the paper by Orlhac et al. [107]. The features were then adjusted using
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the parametric adjustment method of ComBat from the sva package in R [108]. Ad-
justments were calculated based on the training data only for each survival outcome.

The test sets were then adjusted using the training set as a reference batch.

3.6 Clinical Data Preprocessing and Feature Selection

OS was de ned as the time interval from CRLM resection until death from any cause.
HDFS was de ned as the amount of time from CRLM resection to recurrence within
the liver or death from any cause. Patients who did not experience an event were
right-censored based upon the date of their most recent follow-up. If a patient had
a two-stage resection, the date of their rst resection was used as the time origin for
both OS and HDFS.

Preoperative clinical variables were then identi ed. These included age at liver
resection, sex, body mass index (BMI), nodal status of primary CRC, primary resec-
tion site, synchronous disease, number of CRLM, diameter of largest CRLM, CEA
levels prior to liver resection, DFI, bilateral metastases, extrahepatic disease, and
portal vein embolization. The number of CRLM was de ned as the number of con-
nected components identi ed when determining the largest CRLM volume ROI prior
to radiomic feature extraction. The diameter of the largest CRLM is typically taken
axially and is equivalent to the maximum 2D diameter (slice) hand-crafted radiomic
feature. This feature was used as an automated measurement of this variable. DFI
was de ned as the time from primary CRC resection until diagnosis of CRLM. This
value was dichotomized based on a threshold of 12 months to be in accordance with
Fong's CRS.

Univariate Cox analysis was conducted to assess which variables were signi cant to



3.7. UNIMODAL MODEL DEVELOPMENT 48

each survival outcome. Clinical variables which were signi cant were then inspected
for missingness. Imputation of the missing data was performed with Multiple Im-
putation by Chained Equations (MICE) predictive mean matching using the mice
library in R [109]. Imputation was done separately for each survival outcome and the

MICE models were only created using the data in the corresponding training set.

3.7 Unimodal Model Development

Di erent preprocessing and feature selection techniques were used based on whether
a clinical or radiomic model was being created. In clinical model development, the
features used were the ones selected from the previous subsection after MICE had
been applied. For both the hand-crafted and deep learning radiomic models, features
were rst normalized using z-score normalization and clamped to thé'land 99" per-
centiles to remove outliers. Similar to the preprocessing done prior to PCA, features
with greater than 50% identical values were removed. Features were then selected
using the mRMR algorithm from the mRMRe package in R [110]. The hand-crafted
radiomic features extracted from the largest volume CRLM and the liver parenchyma
were combined before mMRMR was used. This feature selection was done separately
for each ROI and survival outcome for the deep learning radiomic features.

The model types used in this work include CPH models with ridge regression,
SSVMs, and RSFs. This was done through the sci-kit survival library in Python [111].
Each model had hyperparameters to tune to optimize performance. Hyperparameters
were tuned using 5-fold cross-validation grid searches from the sci-kit learn Python
library [112] on the training sets for each survival outcome. The parameters used

within the grid search are shown in Table 3.2.
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Table 3.2: Parameters used in the grid searches for the unimodal models.

Survival Model Type Parameter Grid

CPH with ridge regression  :1 &1 6;1 41 2;1;12;1%;15; 18

SSVM :1816:141 2:1;1%,14,15,18
Optimizer: alvtree, rbtree
Kernel: linear, poly, polynomial, rbf, laplacian
sigmoid, cosine

RSF Number of Estimators: 250, 500, 750, 1,000
Maximum Depth: 5, 10, 20, 50
Minimum Samples to Split: 5, 10, 20, 50
Minimum Samples for Leaf: 5, 10, 20, 50

CPH = Cox Proportional Hazards, SSVM = Survival Support Vector Machine, RSF = Random
Survival Forest

The optimal number of features used was also a hyperparameter in the radiomic
models. To determine this, radiomic models were trained using 5, 10, 15, 20, and 25
features on a subset of the data. 25 features were chosen as this was the number that
demonstrated the highest Uno's C-index while also mitigating over tting. Once the
optimal hyperparameters had been chosen, each of the nal models was trained on

the whole training set.

3.8 Late Fusion Model Development

After all unimodal models were trained, the risk scores predicted on the train and

test sets were extracted. Each unique combination of clinical and radiomic or deep
learning risk prediction model scores was then used as inputs to either a CPH model
with ridge regression, SSVM, or RSF. Hyperparameters for the model that combined

the risk predictions were tuned using the same methodology as the unimodal models.
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3.9 Model Evaluation

To evaluate each model's discriminatory performance, we used Uno's C-index. Boot-
strapping was performed for 500 iterations with replacement on the training and
testing sets for the unimodal and late fusion models. The median Uno's C-index and

the 95% con dence interval from the bootstrapping results were then calculated.
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Chapter 4

Results

4.1 Exclusions and Dataset Characteristics

A summary of the exclusion criteria and nal inclusions are shown in Figure 4.1.
A total of 1,301 patients were included in this analysis after applying the exclusion
criteria.

Of the included patients, 695 patients had OS events and 873 patients had HDFS
events. The median survival times for OS and HDFS for the whole cohort was 2,260
days and 954 days, respectively. A summary of the censoring distributions in the

training and testing sets is shown in Table 4.1.

Table 4.1: Event and censoring distribution across training and testing sets for overall
and hepatic disease-free survival.

Overall Survival Hepatic Disease-Free Survival

Train Test Train Test
Events 556 139 698 175
Censors 484 122 342 86

Once the training and testing sets had been generated for each survival outcome,

the associations between clinical variables and outcome variables were determined to
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Figure 4.1. Exclusion criteria applied to identify patients appropriate for radiomic
and clinical survival prediction modeling.



4.2. SLICE THICKNESS ASSOCIATION WITH RADIOMIC
FEATURES AND FEATURE HARMONIZATION 53

identify any potential biases. The statistics of this are summarized in Table 4.2.

For OS, there was a signi cant di erence between train and test split distributions
of patients who received 5-FU and Xeloda neoadjuvant chemotherapy. In the train
and test splits for HDFS, there was a signi cant di erence in the distribution of

number of CRLMs.

4.2 Slice Thickness Association with Radiomic Features and Feature Har-

monization

There were six di erent slice thicknesses which were included in this study. The
slice thickness values of 5.00 mm (n = 665) and 2.50 mm (n = 578) were the most
common. Slice thicknesses of 7.50 mm (n = 21), 1.50 mm (n = 20), 3.00 mm (n =
12), and 3.75 mm (n = 5) were less common. For each patient, 1,316 hand-crafted
radiomic features were extracted from both the largest volume CRLM and the liver
parenchyma. 128 deep learning radiomic features were extracted from each of the
largest volume CRLM, the liver parenchyma, and the whole liver. The rst three
components of PCA were plotted to visualize any relationships features had with
slice thickness. As shown in Figure 4.2, the combined set of hand-crafted radiomic
features had a clear separation between the two dominant slice thickness groups,
alluding to slice thickness being an apparent source of variance in these features.
Similarly, separation between the two most common slice thickness groups are
seen in the deep learning radiomic features extracted from the largest volume CRLM
for both OS and HDFS, although to a lesser extent compared to the hand-crafted ra-
diomic features. Applying ComBat feature harmonization on these groups of features

removed the separations in PCA.
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