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Abstract

This thesis investigates the application of machine learning (ML) methods for sur-
vival analysis, to the prediction of biochemical recurrence (BCR) in prostate cancer
patients following radical prostatectomy, using mRNA expression data. While con-
ventional survival analysis methods remain commonplace in clinical applications,
they are unfeasible with high-dimensional data such as mRNA assays and rely on
assumptions that may not fully capture the complexity of cancer recurrence. This
research explores the potential of ML techniques to overcome these limitations, of-
fering more accurate and personalised predictions for prostate cancer outcomes. A
systematic review of the current literature on the use of ML for survival analy-
sis in cancer was carried out to identify key methodologies and their performance
compared to traditional statistical approaches. This review highlights a need for
improved reporting and standardisation in the field. The findings informed the se-
lection of ML models for further study, including random survival forests (RSF),
LASSO Cox, and boosted Cox models.

This research’s first experimental phase focuses on post-operative BCR predic-
tion, where mRNA data from tumour tissue was integrated with clinical variables
with the aim of improving performance. Results demonstrated that ML models in-
corporating mRNA expression outperformed those with clinical variables alone and
could also improve on traditional Cox proportional hazards (CPH) models. The
second phase extends the analysis to pre-operative settings, exploring the potential
feasibility of using mRNA data to predict BCR before surgery. This pre-operative
model also showed significant promise, suggesting the potential for early intervention
strategies that could better inform treatment decisions.

The study contributes to the growing field of precision oncology, offering insights
into how genetic information and ML can be leveraged to improve clinical decision-

making in prostate cancer.

x1



CHAPTER 1

Introduction

In this chapter, we introduce the general context of biochemical recurrence
(BCR) prediction in prostate cancer, and motivate the use of survival analysis
based on machine learning (ML) strategies to this end. We then provide an
overview of the methodology used in this work, including our consideration of
particular time-points on the patient timeline, present the dataset used in our

analyses, and outline the main research questions considered in this thesis.

1.1 General Context

Survival analysis is a field of statistics fundamental to cancer research. This
branch of statistics is concerned with modelling and analysing the time un-
til a specific event, such as death, disease recurrence, or progression, occurs,
making it particularly relevant for understanding the dynamics of cancer out-
comes and providing crucial insights into the prognosis and progression of a
disease [1].

Survival analysis is thus used to evaluate the prognosis of cancer patients
by estimating survival probabilities and identifying different risk groups within
a population of patients [2]. It is also key in assessing the efficacy of treat-
ments [3]. By comparing estimates of survival curves and other related quan-

tities, researchers can determine the effectiveness of new treatments or inter-
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ventions, which is particularly important in clinical trials aiming to establish
the superiority of novel therapies over standard care.

Furthermore, survival analysis facilitates the identification of prognostic
information |4]. Using Cox regression and other such survival models that
allow including patient, clinical, and other relevant information in the char-
acterisation of survival patterns, researchers can identify demographic (age,
sex), clinical (tumour size, stage), and biological (biomarkers, genetic mu-
tations) variables that significantly influence risk and measure the effect of
these predictors on the outcome of interest. An estimate of the probability of
survival derived from such techniques can thus be employed to determine if
a particular treatment regime will suit the individual [5]. These insights are
vital for personalised medicine, enabling tailored treatment strategies based
on individual risk profiles. The use of survival analysis for this purpose is the

focus of this thesis in the context of prostate cancer.

1.1.1 Prostate Cancer

Prostate cancer (PCa) remains one of the most prevalent malignancies among
men worldwide, presenting a significant public health challenge due to the
variability in associated clinical outcomes [6]. A critical aspect of managing
prostate cancer involves predicting the likelihood of biochemical recurrence
(BCR) following initial treatment [7]. BCR, defined by a rise in prostate-
specific antigen (PSA) levels, often precedes clinical relapse and metastasis,
making its prediction critical for timely and personalised therapeutic inter-
vention [§].

Prostate cancer is most commonly treated through surgical intervention,
usually by radical prostatectomy [9]. Despite this procedure often involv-

ing the complete removal of the prostate gland, patients may still experience
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BCR [10]. The management of prostate cancer, and in particular the pre-
diction of BCR, has traditionally relied on clinical and pathological variables
such as PSA levels, Gleason scores, tumour staging, and surgical margins [8].
However, more precise prediction remains desired [11].

In recent years, there has been growing interest in the molecular underpin-
nings of prostate cancer, particularly the role of messenger ribonucleic acid
(mRNA) expression profiles [12-14]. mRNA is a crucial intermediary between
genes and proteins, reflecting real-time changes in gene activity [15]. Molecu-
lar data offers a more detailed and dynamic picture of tumour behaviour, po-
tentially unveiling novel biomarkers for recurrence [1]. By integrating mRNA
expression data, this research aims to enhance the predictive power of prog-

nostic models, leading to better management of patients at risk of BCR.

1.1.2 Conventional Survival Analysis

Conventional survival analysis techniques, such as the Cox proportional haz-
ards (CPH) model, have been widely used in medical research [1]. The CPH
model assesses the impact of multiple covariates on survival time, assuming
the hazard of any subject in the population is proportional to a baseline haz-
ard profile, or in other words, that a change in a given covariate has a simple
multiplicative effect on the hazard of that subject over the entire survival
time [16]. Despite their utility, these methods have notable limitations. For
instance, the CPH model assumes that covariate effects on the hazard rate
are constant over time, which may not hold true in all clinical scenarios [17].
Additionally, these traditional methods are not appropriate for the analysis
of high-dimensional data, such as mRNA expression profiles, where they may
lead to overfitting and reduced predictive accuracy [1§], and are not evaluable

at all when there are more covariates than observations in the data.
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1.1.3 Machine Learning for Survival Analysis

Machine learning (ML) methods have the potential to overcome many of
the limitations that traditional statistical methods impose [19] by capturing
complex, non-linear relationships between covariates and survival outcomes,
unlike traditional statistical models [20]. ML techniques are also well-suited
for analysing high-dimensional data [21]. Several strategies have already been
adapted for survival analysis, including regularisation of the CPH model [22],
approaches based on survival trees [23], boosting algorithms [24], support
vector machines [25], shallow neural networks [26], and deep learning [27],
many of which also do not rely on the proportional hazards assumption. By
leveraging ML-based survival analysis methodologies, this research aims to
improve BCR prediction in prostate cancer using mRNA expression profiles.
A traditional CPH model was thus compared to a tree-based ML model (ran-
dom survival forest (RSF) [23]), a regularisation approach (Least Absolute
Shrinkage and Selection Operator (LASSO) Cox [28]), and a boosting method
(boosted Cox [29]).

In order to alleviate the limitations of the CPH model, regularisation
allows for the use of the model in high-dimensionality settings by forcing
the contribution of less important variables in the model to be reduced (or
shrunk) towards zero, effectively reducing model complexity by introducing
sparsity. The approach taken in tree-based methods is different. The survival
outcome is predicted by recursively partitioning the data into subgroups [30],
using a criterion relevant to the characterisation of survival, until the cohort
is split into sufficiently well-separated (small) clusters. Ensembles of survival
trees to form RSF [23] are more commonly used than single-tree designs, as

they mitigate the risk of overfitting from a single-tree model [31] and also
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reduce prediction variability. Boosting is a technique that combines multiple
base learners into an ensemble to improve overall predictive performance. In
boosted Cox models, the learner is a CPH model [24], which yields a scheme
well suited for survival analysis. Section [2.2.2] provides more details on these

techniques.

1.2 Research Contribution

1.2.1 Methodology

In order to determine which machine learning methods could be used in this
application, an extensive literature review was undertaken. During this initial
phase of the research, many discrepancies in the methodologies and findings of
published papers were found, making it difficult to determine which methods
should be considered in our work. This led us to carry out a full systematic
review (Chapter 2) to gain a precise and complete understanding of the liter-
ature and the potential of machine learning for survival analysis application
to cancer research. Due to limited comparability in the results of the sys-
tematic review, ML models were selected for their prevalence in the literature
and their performance in previous studies [32-37]. The possibility to evaluate
the contributions of variables to the models’ predictive performance was also
considered when selecting methods for implementation. Novel methodologies
with modest descriptions of their model structure and no available source
code were thus deemed inappropriate (this was the case for deep-learning and
multi-task implementations, in particular).

During this PhD research, a particular research question, the feasibility of
a deep learning methodology, was considered. Deep learning methods notori-

ously are black boxes, making their functionality limited in a clinical setting



Chapter 1. Introduction 6

where understanding the contribution of input information is essential [38].
DeepSurv [27] is a deep neural network implementation with a Cox propor-
tional hazard-based outcome with readily available published code in Python
and add-in implementation available in R. In DeepSurv’s current iteration,
it is not possible to easily extract more than the C-index of the model, and
no implementation of a variable importance or similar technique is available.
One of this research group’s Master of Science students developed a method
for extracting this information. Althought the implementation was successful,
there remained persistent limitations to it (e.g. in terms of the volume of data
treatable), and this approach was therefore deemed unfit for purpose in our

work.

1.2.2 Time-point of Evaluation

In a context where the primary aim is to identify patients at higher risk of can-
cer recurrence and facilitate timely intervention to improve patient outcome,
the time-point at which cancer recurrence prediction is carried out consider-
ably influences the prediction output, as it directly affects both the accuracy
and clinical usefulness of a survival model.

Many survival models rely on variables that become available only after
treatment intervention. These may include information on surgical margins,
pathological staging, and post-operative complications. While such variables
can be highly predictive of recurrence, their use limits the model to making
predictions only after the treatment |39]. This introduces several significant
limitations. Predictions are delayed since post-treatment variables are only
available after the intervention, which may reduce the opportunity for early
intervention strategies that could positively impact patient outcomes. Clini-

cians often need to make critical decisions about the course of treatment at
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the time of diagnosis [2], not just after surgery, and a model that only uses
post-treatment data cannot inform these early decisions.

Early identification of high-risk patients would allow for more aggressive
or personalised treatment strategies closer to the time of initial diagnosis, po-
tentially improving outcomes and avoiding potential patient morbidity [40].
Pre-operative prediction could guide decisions on whether to pursue surgery,
what type of treatment to perform, or whether to combine surgery with other
therapies, enabling a more personalised approach to patient care [2]. More-
over, providing accurate recurrence prediction at diagnosis can help signif-
icantly in counselling patients about their treatment options and expected
outcomes, offering them a clearer understanding of their prognosis [41].

However, developing pre-operative prediction models is challenging be-
cause it requires identifying strong predictor variables that are available at
or before diagnosis. Before surgery, the available data typically include clin-
ical examination findings, imaging results, and possibly biopsy data, which
may not be as detailed or directly correlated with outcomes as post-operative
pathological data [39]. It is thus essential to identify reliable pre-operative
predictors of recurrence. These predictors must be robust enough to com-
pensate for the absence of post-treatment data. Furthermore, the biological
behaviour of cancer can be complex and influenced by factors that only be-
come apparent during or after treatment [42].

Developing effective models that can predict recurrence at diagnosis would
be clinically valuable, allowing for early personalised treatment planning, and

is one of the key aims of this thesis.
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1.2.3 The Dataset

The dataset used for this analysis was developed in a study by Taylor et
al. |14] and contains a total of 232 patients and is comprised of two parts,
i.e., a set of routine clinical variables and another of more than 26,000 mes-
senger ribonucleic acid (mRNA) variables. The data was accessed on the 1st
of May 2021 and was fully anonymised at source (data accessible at NCBI
GEO database, accession GSE21032). The RNA data was produced from
microarray experiments using Affymetrix Human Exon 1.0 ST Array and
pre-processed expression intensities using robust multichip average (RMA)
and quantile normalisation followed by log, transformation, a common pre-
processing procedure in transcriptomics data to mitigate skewness, further
details of which can be found in the supplementary material of the original
study [14].

In the original study, following radical prostatectomy, patients were fol-
lowed up at regular intervals with physical exam and serum PSA testing every
3 months for the first year, 6 months for the second year, and annually there-
after. BCR, in this dataset, is defined as PSA > 0.2ng/mL on two occasions
post-operatively. Note that the actual time-to-BCR may be shorter than the
recorded value due to the PSA measurements taking place at set intervals up
to one year apart. With respect to BCR, censoring is defined as any loss to
following-up including death. It was not possible to take into consideration
whether death was due to cancer as this information was not available. The
individual values of PSA post-operatively and the time of testing was also not
available, only the time-to-BCR information was included in the dataset. A
total of 133 and 135 of the retained patients in the post-operative and pre-

operative sets, respectively, had mRNA information available. The analysis
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was thus carried out on these sub-cohorts.

1.2.4 Aims and Research Questions

This PhD thesis aims to determine the potential of machine learning methods
for survival analysis in prostate cancer when mRNA variables are included.

The specific aims are as follows.

1. Identify suitable machine learning methods for survival analysis with the

potential for improved performance over traditional statistical methods.

2. Determine whether the inclusion of mRNA expression information can
improve predictive performance of biochemical recurrence in the post-

operative setting.

3. Determine whether the inclusion of mRNA expression information has
the potential to improve the predictive performance of biochemical re-

currence in the pre-operative setting.

The research outlined here aimed to contribute towards the improvement of
clinical decision-making in prostate cancer care with timely precision medicine,
as well as providing a concise and complete summary of the use of machine
learning methods for survival analysis in cancer, their performance, and com-
mon pitfalls.

This thesis contains five chapters. Chapter 2 presents a systematic review
on the use of ML-based survival analysis in cancer applications. Chapters 3
and 4 present two studies on BCR prediction in PCa using these methodolo-
gies in the post-operative and pre-operative settings, respectively. These three
chapters follow the formatting requirements of specific journals for publica-

tion. Each chapter is presented as a complete study, with references following
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the main text in each case. Section in Chapter 2 is an addition to the
main systematic review study for publication focused on the prostate cancer
papers. The conclusion in Section also reflects this addition.

The systematic review in Chapter 2 addresses our first research aim to
identify ML methods that can improve on more conventional methodologies.
A secondary aim of this study was to determine which, if any, of the ML
methods yielded optimal performance. Chapter 2 closes with a focused dis-
cussion on this use in prostate cancer, with the goal of informing the selection
of appropriate methods in the rest of our work.

Chapter 3 presents a study on the post-operative prediction of BCR. This
addresses the first and second research aims. The dataset used for this re-
search contained mRNA expression data obtained trans-operatively from re-
moved tumour tissue samples, thus making a post-operative analysis the nat-
ural first step. As the mRNA data is of high dimensionality, with over 26,000
variables, ML methods were implemented and compared to a traditional sta-
tistical approach.

Chapter 4 presents a study on the pre-operative prediction of BCR. This
addresses the first and third research aims and is our main contribution to-
wards the improvement of clinical decision-making in prostate cancer prog-
nosis with timely precision medicine. Under the assumption that the mRNA
data obtained trans-operatively would be equivalent to that obtained from a
biopsy sample, the mRNA expression data was again used, this time in con-
junction with pre-operatively available clinicopathological variables using ML
methods.

Chapter 5 provides a final discussion and conclusion of the thesis, including
a summary of the main findings, directions for future research, a discussion

on the limitations of this study, and concluding remarks.
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CHAPTER 2

A Systematic Review on Machine Learning

Techniques for Survival Analysis in Cancer

Abstract

Machine learning (ML) has the potential to overcome limitations of conven-
tional survival analysis, which are commonly found in cancer studies. How-
ever, the performance of these methods varies across studies. As a result, it is
unclear if MLL methods outperform traditional statistical methods and which
have the best performance. The present study aimed to review the literature.

This systematic review was conducted using the Preferred Reporting Items
for Systematic reviews and Meta-Analyses (PRISMA) guidelines. Electronic
databases were systematically searched using keywords related to Machine
Learning, Survival Analysis and Cancer.

The review included 196 studies, from which 39 comparable studies were
used for the analysis. The predictive performance of the different machine
learning methods varied across the cancer types, but overall, multi-task and
deep learning methods generally appeared to yield superior performance.
However, due to the lack of consistency in reporting across studies and fre-
quent omission of important methodological descriptions and detailed results,

these findings are limited to a small sample of the studies investigated.
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2.1 Introduction

Cancer is one of the most common diseases worldwide, according to the World
Health Organisation (WHO), with one in five people being diagnosed with
cancer in their lifetime and more than 19 million new cases of cancer diag-
nosed each year. One in ten people die from cancer, with approximately 10
million cancer-related deaths each year [1]. Various factors such as genetic
predisposition, environmental influences, lifestyle choices, and infections con-
tribute to the development and progression of cancer [2]. Many cancers are
preventable and treatable if detected early. Diagnostic tools like the Papan-
icolaou test (pap smear) or human papillomavirus (HPV) detection test for
cervical cancer [3], mammograms for breast cancer |4, and digital rectal ex-
aminations (DRE) for prostate cancer 5] are vital for early detection. Other
tools such as nomograms can be used to help determine the risk of death or
cancer progression by using various factors and help to determine suitable
treatment pathways [6].

For this reason, much research has been undertaken to determine accu-
rate survival prediction based on various patient information. From a clinical
standpoint, this evaluation could be based on a clinician’s medical expertise
alone or using a clinical nomogram that combines diagnostic or prognostic
tools to aid in the decision-making process [7]. Such models are developed us-
ing fine-tuned mathematical and statistical techniques, with time to an event
such as death or recurrence often being the outcome of interest. As such,
survival analysis is a predominant methodological tool in cancer research.
Due to the limitations of the traditional statistical methodologies for survival
analysis, such as linearity assumptions and issues pertaining to high dimen-

sionality, machine learning (ML) methods have been developed and adapted
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to overcome these issues and improve prediction. There is now a large array
of different ML methodologies for survival analysis implemented in cancer
research, and while their performance varies, it is not clear whether any, or
which ML techniques may yield superior performance, or whether they are
all capable of improving on traditional methods. This motivated this system-
atic review, which aimed to evaluate published studies on machine learning

models for survival analysis in cancer.

2.2 Background

2.2.1 Swurvival Analysis

Survival analysis involves statistical methods to analyse time-to-event data
where the outcome variable is a clinical endpoint, such as the time to death or
to recurrence of the disease T, with probability density function f(¢) [§]. One
of the main functions of interest in survival analysis is the survival function,

which models the probability that a subject survives beyond time ¢ > 0,
S(T) =Pr(T > t)

It is a non-increasing function with S(0) = 1 and S(co) = 0. Rather than

directly estimating the survival function, the hazard function

P ST <t+AL|T>t)  f(t)
ht) = At S0

is often considered instead, which represents the instantaneous rate at which
events occur, given no prior event, with corresponding cumulative hazard

function



Chapter 2. Systematic Review 20

such that S(t) = exp(—H(t)).

Direct estimation of the survival function often relies on parametric mod-
els, assuming specific distributions for survival times (e.g., exponential, Weibull),
which can be restrictive and may not fit the data well [9]. Also, in survival
analysis, data are often right-censored, in which case the event of interest
(e.g., death) has not occurred by the end of the study period. This makes
direct estimation of the survival function more complex, as the exact survival
times for censored observations are unknown. A common methodology used
for survival analysis that takes censoring into account is the Cox proportional
hazards model (CPH) [10]. This semi-parametric approach does not require
a parameterised characterisation of the hazard function, which makes it more
robust and widely applicable compared to parametric models of S(t). How-
ever, the assumption of proportional hazards that it relies upon implies that
the hazard ratios between different levels of covariates are constant over time,
i.e., the effect of covariates on the hazard rate is multiplicative and does not
change. The model may provide biased or misleading results if this assump-
tion is violated. The CPH model also relies on the assumption of a log-linear
relationship between the covariates and the hazard function. The model may
not fit the data well if the true relationship between covariates and the hazard
is non-linear. While this can be partially addressed by transforming covari-
ates or including interaction terms, it still requires careful consideration and
validation [11]. The addition of time-varying covariates or stratification can
alleviate proportional hazards assumption [12]; however, it remains restricted
to low dimensional data. In situations with a large number of covariates rela-
tive to the number of events, the CPH model may overfit the data, leading to
unstable estimates [13]. Cancer research often involves high-dimensional data,

having many more variables (p) than observations (n), leading to potential
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overfitting and unstable hazard ratio estimates in the CPH model [14].

2.2.2 Machine Learning

Machine learning methods have the potential to overcome many of the lim-
itations that traditional statistical methods impose [15] by capturing com-
plex, non-linear relationships between covariates and survival outcomes, un-
like traditional statistical models [16]. ML techniques are also well-suited
for analysing high-dimensional data often encountered in survival analysis,
such as genomic data [17], radiology data [1§], or electronic health records
(EHR) [19]. Several ML strategies have already been adapted for survival
analysis and were found throughout this systematic review. These include,
but are not limited to; regularisation of the CPH model, approaches based on
survival trees, boosting algorithms, support vector machines, shallow neural

networks, and deep learning.

Regularisation methods

In order to alleviate the limitations of the CPH model, regularised alternatives
have been developed to allow for the use of the model in high-dimensionality
settings by adding a penalty term to the likelihood function. The least ab-
solute shrinkage and selection operator (LASSO) adds an L; penalty to the

CPH model, i.e. penalizes the sum of the absolute values of the coefficients
p
AD 18
j=1

This approach encourages sparsity in the coefficients [20] by automatically

, A> 0.

selecting important covariates and shrinking other coefficients toward zero,

effectively reducing model complexity. Ridge regression is another regularised
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approach that instead adds an L, penalty to the CPH model, i.e. penalizing

the sum of the squared values of the coefficients

p
A1
j=1

Although this approach also penalizes large coefficients [21], it does not allow

, A>0.

shrinkage to make any of the coefficients equal to zero, unlike the LASSO.
Elastic Net (EN) combines L; and Ly penalties linearly into

MDD B+ =018 A€ (0,1)

thus allowing both variable selection and coefficient shrinkage [21]. The regu-
larisation hyperparameter A thus controls the strength of the penalty applied

to the conventional CPH criterion.

Tree-based methods

In tree-based approaches, the survival outcome is predicted by recursively
partitioning the data into subgroups [22|. At each split, the covariate that
maximizes a chosen separation criterion is selected to make the split, and
the same covariate may be considered for more than one split. Commonly

implemented criteria to determine child nodes include:

e maximising the log-rank test statistic to yield the greatest difference

between survival curve estimates of the two subsets [23];

e maximising the likelihood ratio test statistic for exponential survival

times [24];

e maximizing the Cox partial likelihood [24].
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Ensembles of survival trees by random survival forests (RSF) [|25] are more
commonly used than a single tree design. This ensemble relies on bootstrap
aggregation, whereby a subset of features is randomly selected at each node
to perform the next split. The predicted survival time (or hazard) for each
observation is obtained by aggregating predictions from all trees in the forest,
which mitigates the risk of overfitting of a single-tree model [26], and also
reduces prediction variability.

An alternative tree-based method uses conditional inference tests to de-
termine the best split [27]. Thus, the output of the resulting conditional in-
ference tree is the set of conditional survival probabilities determined by the
node memberships that observations fall into. A conditional survival forest

(CSF) is an ensemble of conditional trees.

Boosting methods

Boosting is an ensemble technique that combines the predictions from multiple
base or weak learners to improve overall predictive performance in a sequential
manner. Two main methodologies are implemented for boosting in survival
analysis: model-based boosting [28] and likelihood-based boosting [29]. In
model-based boosting, after an initial model is derived, the residuals are com-
puted, and a weak learner is fit to the residual. This new learner is scaled
by the learning rate parameter and linearly combined to the initial model.
Each subsequent learner is fit to the errors (residuals) of the previous model,
and the process is repeated for a predefined number of iterations or until con-
vergence. In likelihood-based boosting, the weak learners are fitted by the
negative gradient of the log-likelihood with respect to the current model’s
parameters.

Boosting in survival analysis can follow the traditional tree-based struc-
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ture similar to the original boosting methods, or it can be based on another
modelling structure, such as the CPH model. Hyperparameters for such mod-
els include the learning rate parameter (v) and either the number of iterations
or the stopping criterion. With an increasing number of boosting iterations,
performance can be improved but may also lead to overfitting if not combined
with regularisation. An early stopping criterion can be included to stop train-
ing early if performance on a validation set does not improve for a set number
of iterations. A tolerance for the minimum improvement required to continue

training can also be implemented to mitigate these common issues.

Support Vector Machines

Support Vector Machines (SVM) for classification involve the creation of hy-
perplane decision boundaries to separate data into classes. In Support Vec-
tor Regression (SVR), the implemented hyperplane is the regression function
(e.g., a regression line) [30]. The data points on either side of the hyperplane
closest to the hyperplane are called Support Vectors and define the boundary
line. SVR consists of fitting the best boundary within an acceptable distance
of the hyperplane.

There are two main implementations of survival SVM (SSVM): the regres-
sion approach and the ranking approach [31]. The former considers censoring
when formulating the inequality constraints of the support vector problem.
A linear function that assumes a linear relationship between the covariates
and the survival time can be used in the regression approach. Kernel func-
tions can be used to capture non-linear relationships between covariates and
survival time. SVMs use kernel functions to map input features into a higher-
dimensional space where a hyperplane separates the data non-linearly. Com-

mon kernels include linear, polynomial, radial basis function (RBF), and sig-



Chapter 2. Systematic Review 25

moid. In the ranking approach, the inequality constraints set the objective to
maximize the concordance index for comparable pairs of observations. The
objective is to minimise ranking loss, ensuring that the predicted risk scores
respect the observed survival order. A hybrid approach can also be imple-
mented, combining the regression and ranking constraints in the same model.
The hyperparameters for SSVM include the regularisation parameter, kernel

type and kernel parameters.

Neural Networks

Neural networks (NN) for survival analysis leverage the potential of artificial
neural network architectures to predict time-to-event outcomes and model
complex, non-linear relationships in data. An NN is composed of intercon-
nected nodes (neurons) arranged into an input layer, a number of hidden
layers, and an output layer. The input layer can take covariates of any type;
some NN architectures (convolutional neural networks, CNN) allow raw im-
age data to be taken as input. Each connection between neurons has an
associated weight, and each neuron applies an activation function to its in-
put eventually culminating in a output layer of one or more neurons. The
activation function can take one of several forms, the ReLLU, sigmoid, or tanh
functions being common choices, to introduce non-linearity into the model.
Cox-nnet is an example of an artificial neural network (ANN) for survival
with a single hidden layer, and produces an output “proportional hazards”
layer, comparable to the CPH model [32|. Typical hyperparameters in NNs
are the number of hidden layers, the number of neurons in each layer and the
activation function used.

Deep learning is a subset of machine learning focused on neural networks

with a large number of hidden layers (deep architectures) and are capable of
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learning hierarchical features from data. A popular deep feed-forward neural
network, DeepSurv [33], is similar in design to the previously described Cox-
nnet. DeepSurv combines CPH regression with neural networks, training the
model so as to optimise the average negative log partial likelihood [33]. In
this setting, the final layer is a single node, and the output of the network is
taken as the predicted log-risk function. DeepSurv, like many deep learning
methods, also has the potential to be implemented in shallow frameworks. An
alternative methodology involves direct modelling of the discrete-time hazard
function, such as the DeepHit model [34]. The output of DeepHit provides

the probabilities of different events occurring at specific discrete time-points.

2.3 Methods

2.3.1 Study Registration

The present study was registered with the International Prospective Register
of Systematic Reviews (the full protocol can be found on PROSPERO; Pro-
tocol ID: CRD42023391624) and was conducted in accordance with the Pre-
ferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA)

guidelines [35].

2.3.2 Search Strategy

Electronic databases were searched from inception to 24th February 2023,
including PubMed, Scopus, Web of Science, Embase and Association of Com-
puting Machinery (ACM) database. The searching methodology included
terms and synonyms relating to machine learning techniques for survival anal-

ysis in cancer:
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(Neoplasm OR Cancer OR Carcinoma) AN D
(Survival Analysis OR time to event) AN D

(Machine Learning OR Deep Learning)

Studies of patients with cancer or being assessed for risk of cancer development
were eligible for this review. Studies were eligible if they evaluated machine
learning methodologies and reported an estimate of either the survival func-
tion S(t) = 1— P(t), or the hazard function h(t) = % Papers were excluded
if the studies only reported on classification models. Comparisons to tradi-
tional statistical methodologies for survival analysis (e.g. Cox proportional
hazard regression, parametric techniques, etc.) were analysed if present. The
primary outcome was to assessed how machine learning methodologies for
survival analysis in cancer compared to traditional statistical methods and
thus, studies were included if they implemented ML methods for survival and
compared them, analysing the results, with respect to predictive performance,
stability, and repeatability, where applicable. For predictive performance, ac-
ceptable metrics included the concordance index, area under the curve (from a
receiver operating characteristic curve), decision curve analysis, etc. For sta-
bility, acceptable metrics included the mean or median number of variables
included across bootstrapping or cross-validation, the inclusion of a variable
in more than a certain cut-off threshold of bootstraps of cross-validation sets,
etc. For repeatability, acceptable frameworks included internal or external val-
idation. Information was synthesised where possible. The secondary outcome
was to assessed what machine learning methodology had the greatest predic-
tive performance for survival analysis in cancer, studies were also included

without comparison to traditional methods for assessment of this outcome.
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The following study designs were included: randomized controlled trials, ob-
servational studies (all types), cohort (longitudinal) studies, cohort studies,

case-control studies, before-after studies or cross-sectional studies.

2.3.3 Data Extraction

We created a data extraction form for study characteristics and outcome data
piloted by three investigators on ten randomly selected studies in the review.
Data extraction was conducted by AOD. The following data for study char-
acteristics and outcomes were extracted from each included study: Study
authors, year, title, study type, data type, data accessibility, software, repli-
cability, pre-filtering methods applied, additional feature selection methods,
sampling framework, cancer/carcinoma type, patient inclusion/exclusion cri-
teria, sample size, interventions and comparators, survival outcome(s) of in-
terest, ML method(s) implemented for survival analysis, reason(s) for the use
of ML, type of comparator, traditional method(s) implemented for survival
analysis, quantitative comparison of machine learning methodologies for sur-
vival analysis in cancer against conventional statistical methods with respect
to predictive performance, stability, and repeatability, where applicable. In-

formation was synthesised where possible.

2.3.4 Quality Assessment

Due to the nature of this review, the risk of bias was assessed utilising the
Checklist for Assessment of Medical Artificial Intelligence (ChAMALI check-
list) [36]. The ChAMALI checklist assessment considers thirty requirements
across problem and data understanding, data preparation, modelling and de-
ployment with respect to quality and bias. Each requirement is scored between

0 and 2 with two possible ranges 0, 0.5, 1 and 0, 1, 2, for less important and
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more important considerations, respectively. Being focused on a methodolog-
ical review, the risk of bias was assessed based on the validity of the statistical
approach implemented in a paper, the framework it was built upon, and the

results garnered.

2.4 Results

In total, 4456 studies were identified from the database searches. After the
removal of 1488 duplicates, and another 2309 studies excluded based on their
title and abstract, a total of 659 studies were selected for full-text review. Of
these, 463 were excluded (full exclusion reasons are broken down and can be
seen in the PRISMA flow diagram, Figure . A total of 196 studies were
thus included following full-text review. Table provides a general view
of the included studies. Due to inherent differences in cancer types, we have
reported on each cancer type individually as appropriate. Thirty-nine of the
included studies considered more than one cancer type in their analysis, 5 of
which considered pan-cancer. The most prevalent single cancer type studied
was lung cancer, accounting for 15% of studies and was also included in 23
studies that considered multiple cancer types. All studies were published
between 2007 and -2023, with approximately 75% of the publications from
2020 onwards (Figure [2.2)).

2.4.1 Data

Across all cancer types, most of the studies were retrospective (188), but eight
studies were prospective. The sample size used for analysis varied considerably

across the studies, ranging from 17 to over 250,000.
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[ Identification of studies via databases and registers
- Records identified from:
o Total (n = 4456):
"ﬁ Embase (n = 1529) Records removed before screening:
= Pubmed (n = 437) > Duplicate records removed
T Web of Science (n = 703) (n=1491)
3 SCOPUS (n = 1715)
ACM (n=72)
—
— Y
Records screened:
Title and abstract review > (T]e?érggge]xcluded
(n = 2966)
o Reports excluded (n = 472):
£ Thesis/Dissertation (n = 7)
§ v Conference Abstract (n = 87)
= Book/Book Chapter (n = 3)
»D Records screened: Protocol only (n = 1)
Full-text review - » Application Note (n = 1)
(n =659) Review (n= 1)
— Short Communication (n = 2)
Letter to Editor (n = 1)
Preprint (n = 5)
Redacted (n=1)
__J Not in English (n = 4)
v Not Cancer (n=7)
) Simulation (n = 8)
o Not ML (n = 3)
'§ Studies included in review ML not for survival (n = 100)
5 (n=196) ML not assessed (n = 141)
£ High/Low risk assessment only (n = 8§9)
S’

Figure 2.1: PRISMA flowchart of included studies.

Data availability

Data availability is vital for advancing the research field and thus improving
clinical practice. As previously discussed, with an increase in the dimen-
sionality of data, it becomes more challenging to produce models without an
increase in the sample size. By making data available, more accurate models
can be created. Approximately 70% of the studies used publicly available data

or would be made available by the authors upon request. Twenty percent of
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Figure 2.2: Number of papers by publication year.

studies did not make a statement regarding data availability. Another 3% of
studies stated that the data would not be available.

Data Sources

Approximately 50% of the studies used datasets from at least one of the fol-
lowing major public databases: the Cancer Genome Atlas (TCGA), National
Center for Biotechnology Information’s Gene Expression Omnibus (NCBI
GEO), the National Cancer Institute’s Surveillance, Epidemiology, and End
Results (SEER) database, The Cancer Imaging Archive (TCIA) and The Na-
tional Cancer Database (NCDB). Thirty percent of the studies used hospital-

level data, 7% used other national or global databases as their sole data source,
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and 3% used clinical trial data. Ten percent of the studies used datasets avail-
able in R and Python from packages such as survival, Bioconductor,
ipred, DeepSurv, penalized, rotsf, biospear and RankDeepSurv.

Eight studies did not state where their data was acquired from.

Data Types

A variety of data types were used across the included studies. 50% of the
studies included a single data type, while the remaining contained two or
more. Clinicopathological variables were the most prevalent data type across
the studies; used in 157 studies, 68 alone, and 89 in combination with other
data types. Seventy studies included genomic, transcriptomic or proteomic
data alone or in combination with each other or other data types. Forty

studies included radiomics data, and 23 studies included raw imaging data.

Study Populations

In order to be able to show the benefit of a designed model, it is necessary to
understand the study population on which it has been built and, if assessed,
the population it has been validated with. Across all cancer types, approxi-
mately 50% of studies reported patient-level inclusion and exclusion criteria,
25% of studies provided detail at a cohort-level, and the remaining 25% did
not report details of the study population.

Evaluation Time-points

When developing models for survival analysis in cancer, the use case of the
produced model should be considered as the variables considered applicable
will depend on the planned clinical application of the proposed model. If,

for example, the aim of the model is to determine what further treatment, if
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any, may be required following surgical intervention, then pathological vari-
ables extracted during the surgery can be included in the model. However,
if the model aimed to determine if the surgery was likely to be successful in
eradicating the cancer, then only variables available pre-operatively should be
included. Over 70% of the studies did not state the time-point of evaluation
being considered by their models. Of the remaining 30%, the most common

evaluation time-points were post-operative and pre-operative.

Outcomes of Interest

Approximately 20% of the studies considered multiple outcomes of interest
in their analysis. Seventy-five percent of studies investigated overall survival
as an outcome of interest. Forty-one percent of studies considered other out-
comes, with progression-free and recurrence-free survival being the most com-

mon. Three studies did not state their outcome of interest directly.

Source Code

In an age of reproducible research, code availability is paramount. When
both the data and source code are available, accurate replication of results
to validate findings becomes possible. Seventy percent of the studies did not
state whether the code was available. Of the remaining 30% of studies, the
code was publicly available via depositories such as Github. The remaining

five studies stated that they would make the code available upon request.

2.4.2 Modelling Frameworks

To better understand the structure of the analysis undertaken in the studies,
it was important to consider the modelling framework used. Table pro-

vides an overview of the frameworks used. The initial element of the pipeline
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is the decision to implement pre-filtering of the data prior to the model build-
ing. Next is the sampling framework under which the modelling will occur,
which can be a simple train/test split for more robust methods such as cross-
validation or bootstrapping. Finally, once the model has been built, validation

should be considered.

Pre-filtering

As discussed in the introduction, ML is often implemented in cases where
p > n due to its greater ability to handle high dimensionality [17]. However,
when the number of predictors greatly exceeds the sample size, i.e. when
p >> n, some form of pre-filtering can be beneficial to improve model per-
formance [15]. Forty-six percent of the studies implemented pre-filtering into
their modelling pipeline. The most common methods used included univariate
Cox proportional hazard feature selection and correlation-based pre-filtering,
implemented by 29 and 18 studies, respectively. Other pre-filter methods in-
cluded the use of pre-defined or hand-selected feature sets, pathway analysis,
variance or expression-based thresholding and clustering or principal compo-

nent analysis.

Sampling

Across all cancer types, 53% of the studies used a train/test split as their sam-
pling framework, while 27% used a k-fold cross-validation framework. Another
eight studies used bootstrapping for their sampling framework. Another nine
studies used other sampling methods, such as Monte-Carlo CV and modified
versions of the cross-validation framework. More than 10% of studies did not

implement any resampling framework or even perform a single data split.
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Validation

Due to the nature of the sampling frameworks implemented, the majority
(85%) of studies included internal validation of their results. Twenty percent
of the studies included external validation, half of which also had internal
validation. Eleven studies did not provide any validation of their findings,

however, and only reported on the training outcomes.

2.4.3 Models

Comparison with Traditional Models

Approximately 55% of the studies compared ML models to a traditional sta-
tistical methodology or a current state-of-the-art model (SoA). Half of these
included a single ML model, and the other half carried out a comparison in-
volving multiple modelling approaches. Across all studies, 25% considered a
single ML model framework and so also did not make any comparisons to
a traditional or SoA method (these were thus not analysed in the primary

outcome in this review).

Machine Learning Models

The primary outcome of interest in this study is the comparison of machine
learning models to traditional statistical methods for survival analysis. Fig-
ure shows an overview of the ML methods used across the studies, and
Table details the breakdown of the implemented modelling strategies.
The most prevalent ML modelling method was random survival forest (RSF),
which was considered in more than 55% of the studies and as the only ML
in 37 studies. Fourteen studies also considered other tree-based methods,

such as single survival trees and conditional survival forests (CSF). Neural
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network-based methods were the next most prevalent, most of which being
deep learning structures (approximately 40% of all the studies), while shallow
architectures were considered in 15% of studies. Regularised models were also
implemented in more than 35% of the studies. Boosting and SVM structures
were considered less frequently (20% and 12% of studies, respectively), and
21 studies considered other modelling methods, such as Bayesian frameworks

and multi-task models based on a linear model.

Other
21 RSF and other
tree-based
methods
114

SVM

Shallow Neural
Networks
29

Regularisation

71 Deep Learning

83

Figure 2.3: Distribution of Machine Learning Methods.

2.4.4 FEvaluation

Evaluation metrics were considered under three main headings: discrimina-
tion, calibration and predictive performance. These three groups are described
below, and Table 2.4 summarises how the most common metrics in each group

were used in the literature reviewed by cancer type.
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Discrimination

In the context of survival analysis, discrimination metrics refer to measures
that assess the ability of a model to distinguish between individuals with
different survival times correctly. As we are generally interested in survival
across a period of time rather than at one specific time-point, the discrimina-
tion metrics used to evaluate the model must allow assessment of the cohort
over time and, therefore, commonly rely on an evaluation of either S(t) or h(t)
for each subject. The most commonly implemented metric was Harrell’s con-
cordance index (C-index) [37] defined as the proportion of all feasible pairs of
patients whose predicted and observed outcomes are concordance, was used in
over 80% of studies to evaluate their models’ discriminatory ability. Approx-
imately 15% of which also consider other discriminatory metrics such as the
integrated Brier Score (IBS) [38] which is the average of the Brier score [39)
values for an interval of time [40]. Four other studies used IBS as the sole
metric for discrimination, and four more used other novel evaluation methods.
The remaining 25 studies did not evaluate their models using a discrimination

metric applicable to longitudinal survival data.

Calibration & Predictive Performance

Calibration metrics evaluate how well the predicted survival probabilities
agree with the actual observed outcomes. While discrimination metrics assess
the model’s ability to distinguish between different survival times, calibration
metrics focus on the accuracy of the predicted probabilities. A quarter of the
studies included an evaluation of model calibration; most implemented the
Brier Score or calibration curves.

Performance metrics that focus on assessing model performance at specific

time-points rather than over the entire duration of follow-up allow for evalu-
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ation of how well a model predicts the probability of an event occurring by a
particular clinical time-point of interest in the patient follow-up (e.g., at the
3-year survival horizon) [41]. This is an important concept in medical applica-
tions, and pre-specified time-points can be determined for each cancer type to
consider someone disease-free and inform subsequent follow-up. Other forms
of model performance can also be considered, such as classification metrics,
including the none time-dependent measures of receiving operator charac-
teristics (ROC) curve analysis to report on the area under the ROC curve
(AUC) [8], as a binary metric evaluated only on uncensored observations.
Almost 40% of studies included additional forms of performance evalua-
tion. Most of these used a form of AUC, either in a time-dependent assessment
or as a binary metric evaluated only on uncensored observations. Six studies
used decision curve analysis (DCA) [42] for net benefit evaluation and spe-
cific time-points. The net benefit considered in the DCA is an indication of
the increased or decreased number of patients who could see benefit in their
treatment if the model was used for evaluation, where a positive net benefit
can be viewed as the proportion of patients who would benefit the from use

of the model in a clinical decision making setting.

2.4.5 Stability and Feature Selection

Most ML modelling pipelines include pre-filtering, inbuilt dimensionality re-
duction, and/or other feature selection techniques. The primary goal of these
steps is usually either to enhance model-building performance or identify rel-
evant biomarkers (or both). The stability of this feature elimination and
selection process should be assessed to evaluate (and ensure) future usabil-
ity, reliability and interpretability of a given model in clinical settings. The

resampling framework, which feature selection also depends upon, can be
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leveraged to assess this aspect of the model by determining selection rates for
each of the candidate features [43], or evaluate specific selection performance
metrics [44,45]. Table reports on the breakdown of the feature selection
and assessment of variables. Less than 50% of the studies considered in this
review reported on the stability of their models or provided an assessment of
included features.

The nature of the feature selection and/or dimensionality reduction tech-
niques used imposes constraints on their implementation. If the filtering or
selection approach is unsupervised, i.e. the outcome variable is not taken into
consideration, the filter can be applied to the entire dataset before the imple-
mentation of the sampling framework. Considering these methods within the
sampling framework or on a separate hold-out set is also possible, but this is
not a requirement. When feature selection/filtering is supervised, however,
the outcome variable is used to make feature selection /filtering decisions, and
such techniques should be applied only on the training samples (or a sepa-
rate hold-out set for preliminary analysis), i.e. only on data points not used
for model testing or validation, to avoid introducing selection bias into the
model [46]. Approximately 50% of the 196 studies reviewed implemented one
or more forms of feature selection. Sixty-one studies used supervised tech-
niques, and 55 used unsupervised methods, 24 of which used both. Note that
the number of studies that implement some form of feature selection does
not directly relate to those that use pre-filtering, as some of the supervised

techniques include recursive feature elimination methods.
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Table 2.5: Distribution of feature selection approaches used in the 196 articles

reviewed by cancer type.

Feature Selection

Cancer Variable
Type Assessmont Supervised Unsupervised None
N % N % N % N %
Overall 87 44.4% 61 31.1% 55 28.1% 104 53.1%
Bladder 5 83.3% 1 16.7% 2 33.3% 3 50.0%
Blood 7 87.5% 5 62.5% 2 25.0% 3 37.5%
Bone 2 100.0% 1 50.0% 1 50.0% 1 50.0%
Brain 8 50.0% 6 37.5% 3 18.8% 7 43.8%
Breast 7 31.8% 7 31.8% 11 50.0% 8 36.4%
Cervical 2 40.0% 3 60.0% 1 20.0% 2 40.0%
Colorectal 7 63.6% 6 54.5% 1 9.1% 5 45.5%
Esophageal 1 50.0% 1 50.0% 0 0.0% 1 50.0%
Gastric 4 50.0% 2 25.0% 1 12.5% 5 62.5%
Head & Neck 11 55.0% 9 45.0% 5 25.0% 11 55.0%
Kidney 1 25.0% 0 0.0% 1 25.0% 3 75.0%
Liver 3 50.0% 2 33.3% 4 66.7% 2 33.3%
Lung 4 17.4% 10 43.5% 6 26.1% 11 47.8%
Melanoma 1 16.7% 2 33.3% 3 50.0% 3 50.0%
Ovarian 1 50.0% 0 0.0% 1 50.0% 1 50.0%
Pancreatic 2 66.7% 1 33.3% 0 0.0% 2 66.7%
Prostate 3 37.5% 1 12.5% 0 0.0% 7 87.5%
Sarcoma 0 0.0% 0 0.0% 0 0.0% 2 100.0%
Uterine 1 50.0% 1 50.0% 1 50.0% 0 0.0%
Other 1 100.0% 1 100.0% 1 100.0% 0 0.0%
MCT 16 41.0% 2 5.1% 11 28.2% 27 69.2%

MCT: Multiple Cancer Type.
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2.5 Discussion

In this systematic review, we have summarised the outcomes of 196 stud-
ies relating to the use of machine learning methods for survival analysis in
cancer. The primary outcome of interest is how these ML methods compare
to traditional statistical methods. An additional outcome of interest being
which ML method has the greatest predictive performance. In order to make
this evaluation relevant to the broadest community, we inspected each cancer
type individually and then summarised their combined findings. For studies
which looked at multiple cancer types, they were included in the analysis of

each relevant cancer.

2.5.1 Comparison to traditional methods and predic-

tive performance

Due to the high variability of the study frameworks, we focused the analysis
for our primary outcome on a subset of studies that evaluated the C-index of
models used for the prediction of overall survival. This consisted of 57 studies,
17 of which considered multiple cancer types. Four of the multiple cancer
studies only reported on pan-cancer analysis, so results could not be separated
by cancer type. Fourteen further studies did not report the numeric values
of the results, only including a graphical representation of the discussion;
thus, these were excluded from the comparative analysis. The remaining 39
studies were analysed to evaluate the outcomes of interest. Table shows

the breakdown of comparisons by cancer type.
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Across all cancer types, an improved predictive performance can be seen from
machine learning methods, with the exception of cervical cancer. Multi-task-
based methods were seen to perform well across many cancer types. Deep
learning approaches also performed well, though when compared to the mul-
titask method, they only had improved performance in kidney cancer. The
most common deep learning model implemented was DeepSurv, although
when multiple deep learning models were implemented in a study, it was
generally outperformed by the other approaches. Of note, with both deep
learning and multitask and other methods, the novel approaches introduced
by the studies usually showed the best predictive performance. This may be
suggestive of bias in the study design and could be partly due to publication
bias. Most of the novel methods have also not been used in other studies and
so their performance should be investigated outside of the original study for
a better understanding of their capabilities.

Although the regularised models generally outperformed the traditional
CPH, they had the lowest performance of the ML methods. This may be
due to the assumptions of linearity and proportionality that the regularised
models must adhere to being too restrictive for the data. LASSO regularisa-
tion was the most common technique implemented, though when compared
to Elastic Net, it was generally outperformed. This may indicate that the L,
penalisation is overly stringent and potentially reducing too many important
coefficients to zero while the more relaxed Lo penalty element of the elastic
net model counteracts this. RSF, boosting methods, and SVM all showed
varying predictive capabilities across the cancer types. RSF was the most
commonly implemented ML method, with at least one study for each cancer
type. It was shown to have the best performance across the blood cancer

studies and in pancreatic cancer, but other ML. methods outperformed it in
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the other cancer types. It showed improved performance compared to the
traditional CPH in the majority of studies; however, in breast and cervical
cancer, the CPH model generally remained superior. SVM showed partic-
ularly good performance in brain cancer studies, but it was comparable to
the CPH model in the other cancer types. Although different from CPH, the
assumptions of SVM can still be restrictive depending on the method used
and the kernel function implemented. Boosting methods were implemented
in very few of the studies. It showed particularly good performance in breast
cancer and generally outperformed the CPH model across all the cancer types
it was considered in, though other MLL methods outperformed it. The boost-
ing methods implemented included mainly GBM and XGBoost but Boosted
trees, CoxBoost and BoostCI were each implemented in a study also. Thus,
some of the variability seen in the performance of the boosted models may be

due to the variability in the modelling structures used.

2.5.2 Stability and Modelling Structures

For a model to be used in a clinical setting, it is necessary to understand
what variables are being considered so they can be measured. When mod-
els are developed in a form of repeat framework such as repeated train/test
split, k-fold CV or bootstrapping, different models are created on each iter-
ation, and thus, there is potential that the same variables are not selected
every time. Determining the stability of the model, therefore, is important
to understanding which variables are being considered consistently. This can
be done by inspecting the selection rates across the repetition, or a formal
index of similarity could be considered, such as the Jaccard index [82]. Al-
though more than 80 of the studies used a repeated model building framework,

only five inspected their models’ stability. Three investigated the selection
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rates [26,83,84]. One uses the Jaccard Index [85], and one uses interclass
correlation to assess the stability [86]. Evaluation of model stability should
be carefully considered when evaluating the performance of the models, as
without stability, it is not possible to understand what variables have true
clinical relevance. Particularly in the case of genomic-based variables, as was
discussed in detail by Venet et al. 2011, [87], the significance of a variable
in a single model does not necessarily mean it is of clinical importance and

should be investigated further.

2.5.3 Bias and Quality Assessment

Some particular issues of bias were noted across the studies concerning sta-
tistical modelling related to validation and feature selection. As previously
mentioned, 11 studies did not implement any form of internal or external val-
idation. Thus, the results from these studies are from the model building and
are not able to give a bearing on the models’ ability to perform on unseen
data. Another issue found in several studies was the use of supervised feature
selection techniques, such as univariate CPH, on the entire dataset prior to
splitting or CV. This was seen in nine studies, and a further 13 studies did
not clearly report on when the supervised feature selection took place; thus,
there is potential that these may also have taken place outside the sampling
framework. This method of pre-filtering will result in inflated validation re-
sults as the included variables are already known to be predictive of survival
in the testing dataset. Other quality assessment issues relate to the clinical
usefulness of the models built in the studies. As per the ChAMAI checklist,
the description of the study population and analysis of net benefit are key re-
quirements when reporting on machine learning in medical settings. Over 25%

of the studies did not report on the study population demographics or their
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inclusion /exclusion criteria. Without knowledge of the included subjects, the
viability in other populations becomes more challenging to determine, and a
potential lack of model predictive ability may be due to an unreported under-
lying characteristic of the study population. Also, only six studies reported
on net benefit or decision curve analysis. These metrics can directly report
on the clinical usefulness of implementing a model into routine practice, and

without them, it is difficult to show the true potential of a novel model.

2.6 Systematic Review - Prostate Cancer

Eleven studies from the systematic review investigated prostate cancer. A
detailed review of these papers was undertaken to answer the research ques-
tions of this thesis, so they are included in this section, although they did not

feature in the manuscript submitted to the journal.

2.6.1 Prostate Cancer - Results

The eleven papers were published between 2011 and 2022, with the majority
of the studies being published since 2021. Only one study was prospective [8§]
with the other ten being retrospective [19}30,31,62,89-94]. More than half of
the studies only considered clinicopathological variables [30,31,62} 89,90} 92,
93]. Two studies investigated the use of genomic or transcriptomic material
in conjunction with clinical variables [91] or alone [19]. Table [2.7] provides a
general view of these 11 prostate cancer studies. More detailed characteristics

of these can be found in Table 2.8l
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Table 2.7: Description and distribution of outcomes discussed in the 39 articles

reviewed, by cancer type.

Characteristics Categories Number of Studies References(s)
Prostate 8
Cancer Type
MCT 3
Clinicopathological 10
Genomics 1
Data Type
Radiomics 2
Transcriptomics 1
GEO 1
Hospitals 2
Package 1
Data Source SEER 3
TCGA 2
Other database 1
Not stated 2
Public 6
Available upon request 3
Data Availability
Not available 1
Not stated 1
Overall Survival 6
Progression-free Survival 1
Outcome of Interest Recurrence-free Survival 2
Cancer-specific Survival 1
Other 4
Pre-treatment 1
Time-point of Pre-operative 2
Evaluation Post-operative 1
Not stated 7
Single Train/Test split 3
Repeated train/test split 3
Sampling Framework
Ccv 3
None 2
Unsupervised
Pre-filtering and
Supervised 1
Feature Selection
None 7
One 4

Number of Models

Two or more

Model Types

Boosting
Neural Network
Regularisation
Trees
SVM

N Ot =N
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Table 2.7 continued: Description and distribution of outcomes discussed in the 39

articles reviewed, by cancer type.

Characteristics Categories Number of Studies References(s)
Traditional Model Yes 10 , @
Comparison No 1

C-Index 8
Integrated Brier Score 1
Calibration Curve 2
Brier Score 2
Evaluation Metrics
tC-Index 3
AUC 1
Decision Curve Analysis 2
Other 2
Internal 9
Validation
External 2
Data

In order to show the benefit of a designed model, it is necessary to understand
the study population on which it has been built and, if assessed, the popula-

tion used for validation. In prostate cancer, four studies reported patient-level

criteria ,,, three provided cohort-level information ,, and
four did not report details of the study population ,,.

The majority of the studies used publicly available data [19,/31}/62,/90-H92]
or stated the data would be made available upon request [30,[88,[94]. The

remaining two studies either did not make a statement regarding the data
availability or stated that the data would not be made available .
Two studies included genomic or transcriptomic data, and both used the
Cancer Genome Atlas (TCGA) [19,91], one of which also used data from the
National Center for Biotechnology Information’s Gene Expression Omnibus

(NCBI GEO) and other publicly available database sources [19].
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Seven of the studies used other large databases, hospital-level data or those
available in R packages [31,/62],88-90,92,094] while two studies did not state
the source of their data [30,93].

Five of the studies made their code available via GitHub or a similar
depository [19,62,88,90,91] or stated that the code would be made available
upon request [89]. The other studies did not make a statement regarding code

availability [30}31L/02194].

Outcome of Interest

Six prostate cancer studies considered overall survival as the outcome of in-
terest [19,131,/62,89,91,92]. Two studies were interested in recurrence-free
survival [30,94], one of which also considered clinical failure (CF), includ-
ing metastasis and/or death from cancer [30]. The remaining three studies
considered progression-free survival |88], cancer-specific survival [90] and the
prediction of urinary continence after robot-assisted radical prostatectomy

(RARP) [93], respectively.

Time-point of evaluation

A particular limitation of seven of the studies was their lack of statement
regarding the time-point of evaluation being considered by their models |19,
31,62,189,091H93]. The remaining four studies investigated the pre-treatment
[88.90,94] and post-operative [30] time-points.

Sampling Framework

Six of the studies used a train/test split [31}/62,88-90,092] of which three did

so with repetition [31,88,92]. Another three studies used a cross-validation
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framework [19,091,93]. The final two studies did not use a sampling framework

in their analysis; however, both used an external dataset for validation [30,94].

Pre-filtering

More than half of the prostate cancer studies did not implement pre-filtering
or other feature selection techniques [19,[30,31}/88-90,92]. Two studies hand-
selected variables for inclusion in their modelling frameworks [62,93] and one
study used a selection of pre-filtering techniques, including expression thresh-
olding, correlation-based filtering, principal component analysis (PCA) mu-
tual information and maximal information coefficient (MIC) methods [91].
One final study implemented a supervised feature selection method using

univariate CPH [94].

ML Methods and Traditional Models

Only one study did not compare modelling performance to a traditional
methodology [91]. Traditional CPH was considered in most of the stud-
ies |19} 30,31} 62,88} 189,(92-94] and a final study considered state of the
art (SoA) models as a comparison [90]. Each of the eleven prostate can-
cer studies considered a different selection of ML methods. Four consid-
ered a single ML model, including regression-based SVM [30], DeepSurv [93],
the novel Dynamic-DeepHit-Lite (DDHL) [88] and a novel DNN for survival
(DSNN) [94]. Seven considered more than one ML model [19,31,/62,89-92].
Overall, the ML techniques spanned a wide range of base methodologies,
including regularisation, boosting, tree-based methods and neural networks.

Further details on the model type are described in the discussion section

[2-6.2).
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Discrimination

The majority of studies used discrimination metrics capable of considering
survival across a period of time. Eight implemented the concordance index
(C-index) for evaluation [19,[30}131,/62,91-94], one of which also considered
the integrated Brier Score (IBS) [62] and another used a novel criterion which
incorporated the C-index, sensitivity and specificity into one value [30]. The
other three studies also used a variation of the C-index, evaluated at specific
time-points (tC-index); thus, these are not considered discrimination metrics

in this study [88-90].

Calibration

Several of the prostate cancer studies investigated the calibration of their
models, two of which used the Brier Score (BS) for the evaluation [62,89], one
used calibration curves and the Hosmer-Lemeshow calibration test [94] and
one used both calibration curves and BS [90]. The other seven studies did

not evaluate calibration [19,30,31,88.,/91H93].

Predictive Performance Metrics

Four prostate cancer studies included additional forms of performance eval-
uation. Three of the studies are those previously mentioned to have used
tC-index. One also considered the BS [89], and the other evaluated BS and
decision curve analysis (DCA) [90]. The other study, which considered addi-
tional evaluation metrics, used a form of ROC Curve and AUC (Area Under

the Curve) along with DCA [94].
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Variable selection and model stability

None of the prostate cancer studies considered the stability of their feature
selection. Both studies without a sampling framework reported the number of
variables considered for model building, and one of these also reported on the
weight of features in the model [30]. Of the studies that implemented a single
train/test split, all three reported the number of variables considered, but
only one reported their importance [62]. Of the studies which implemented
a repeated train/test split or CV, three reported the selected variables but
did not report on their importance [19,[31}[88], one reported the selected vari-
ables and reported the feature-rank [93], one reported the number of included
variables and inspected the hidden layer nodes that contributed the most
to the prognosis according to the mean and variance [91]. One provided no

information regarding the selected features [92].

Comparison of traditional and ML methods

As was reported in the main body of the systematic review, only Chi et al.,
2021 [62] and Van Belle et al., 2011 [31] compared the traditional CPH to
ML models evaluating the C-index for the prediction of overall survival and

report the numeric values of the results.

Chi et al., 2021

Chi et al., 2021 |62] compared novel semisupervised multi-task learning (SSMTL)
to traditional CPH, accelerated failure time (AFT) as well as several ML
methods RSF, GBM, DeepSurv, DeepHit, multi-task logistic regression (MTLR),
a survival neural network (LogisticHazard) and the probability mass function
(PMF) method using SEER data from breast, colorectal, lung and prostate

cancer datasets, respectively. Competing risk methods were compared to
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the SSMTL, traditional Fine-Gray, RSF, DeepHit, and its simplified version,
SimpleMLP. In prostate cancer, the SSMTL model performed the best in the
competing risk, and PMF performed the best in the non-competing risk mod-
els. On inspection of the performance values given in this study, we noted that
the confidence intervals were unusually narrow, suggesting incorrect standard
error normalisation and that a potential risk of bias may be present due to

calculation error.

Van Belle et al., 2011

Van Belle et al., 2011 |31] compared multiple SSVM methods on eight datasets
available in R package survival and the StatLib database (five low di-
mensional datasets: the veteran’s administration lung cancer trial (VLC),
leukaemia (LCR, LD), the Mayo Clinic lung cancer data (MLC), prostatic
cancer (PC), (the German breast cancer study) (GBSG) (BC), and three high
dimensional datasets: Norway/Stanford breast cancer data (NSBCD), Dutch
Breast Cancer Data set (DBCD), and the diffuse large B-cell lymphoma data
(DLBCL)). Four SSVM methods were used, including one regression-based
method (SVCR), two ranking-based methods (RANKSVMC and MODEL
1), and one hybrid method (MODEL 2). They were compared to a tradi-
tional CPH model in the low-dimensional datasets. In PC, the CPH model
had the highest C-index. CPH had the highest C-index (C-Index +/- SD:
0.77 4+/- 0.03) but the difference was not statistically significant between it
and any of the SSVM models; MODEL 1 (0.75 +/- 0.04), MODEL 2 (0.76
+/- 0.03), RANKSVNC (0.75 +/- 0.03), and SVCR (0.76 +/- 0.03).
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The two studies made opposite conclusions regarding the comparative per-
formance of traditional and ML methods, and as they did not use the same
ML models, it was not possible to consolidate their findings. As the outcome
of interest in this thesis research was BCR-free survival, the two studies inter-
ested in recurrence-free survival (Khan, 2018 [30]; Yan et al.,2021 [94]) were

considered.

Khan (2018)

Khan (2018) [30] compared regression-based SSVM with CPH, both of which
were considered with and without transduction, in which survival analysis
algorithms are modified by estimating appropriate target times in a semi-
supervised regression context. Using a novel criterion that combines sensitiv-
ity, specificity, and the C-index, they found that transduction improved the
predictive performance when used with a CPH or SSVM model. The CPH
models outperformed the SSVM models for RFS, and the results varied when

metastasis-free and overall survival were considered.

Yan et al., 2021

Yan et al., 2021 [94] compared a deep survival neural network (DSNN) to
traditional CPH using data from hospitals in Beijing. The CPH models were
cach based on a SoA method for biochemical recurrence (BCR) prediction
(Gleason grade group (GG-RP), National Comprehensive Cancer Network
(NCCN), and the Cancer of the Prostate Risk Assessment (CAPRA/CAPRA-
S)) while the DSNN was based on radiomics. The DSNN model outperformed
all SoA models. For both validation cohorts (VC), the DSNN outperformed
the CPH models. In VCI1, all CPH models had a mean C-Index less than
0.7, GG-RP (C-Index (CI): 0.564 (0.419,0.709)), CAPRA-S (0.654, (0.490,
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0.818)), NCCN (0.535, (0.408, 0.662)), and CAPRA (0.552, (0.385, 0.719))
for which the deep radiomic model (DRS-BCR) had a C-Index 0.811 (0.722,
0.900). In VC2 DRS-BCR model had a C-Index of 0.794 (0.718, 0.870) while
the CPH models all have C-index of less than 0.7; GG-RP (C-Index (CI):
0.689 (0.601, 0.777)), CAPRA-S (0.654, (0544, 0.764)), NCCN (0.583, (0.498,
0.668)), and CAPRA (0.614, (0.509, 0.719)).

As with the studies of overall survival, the two RFS studies made opposite
conclusions regarding comparative performance, with the SVM-based method
again being inferior. Also, as they did not consider the same sets of ML
models, it was not possible to consolidate their findings. Furthermore, as
neither study implemented a resampling framework or even a simple train /test

split, the results quoted are likely biased.

2.6.2 Prostate Cancer - Discussion
Quality Assessment

Most of the studies had moderate quality scores based on the ChAMAT check-
list, with Khan, 2018 [30] having the lowest at 33.3% and Yan et al., 2021 [94]
having the highest at 63.3%. Although the ChAMAT checklist is rigorous in
its evaluation, other specific considerations were also noted as they inform the
consideration of the results. Table reports on the score of the ChAMAI
checklist, represented as a percentage, with the higher value being of higher
quality and a lower risk of bias. Specific considerations with respect to the
quality of the studies are also presented in this table.

Stating the data source and the provision of source code can aid in the

reproducibility of a study. Khan, 2018 and Trinh et al., 2022 [30,93] did
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not clearly state their data source, and Trinh et al., 2022 also did not make a
statement regarding the data availability. Also, in Lee et al., 2021 and Nezhad
et al., 2019 [90,92], the modelling frameworks were slightly ambiguous, making
it more challenging to get a complete understanding of their structure. Meng
et al., 2022 [91] describe their method for hyperparameter tuning and the
selected values of these parameters, but this was not common across the
other studies. In Nezhad et al., 2019 [92] it was not entirely clear what the
final sample used was, which may bring into question the power of the study’s
findings.

The number of features to be considered for inclusion in a model, as well
as reporting on those actually included, is important to understanding the
dimensionality of the data set and what factors are being considered. This
leads to the concept of feature importance and understanding how the features
included are contributing to the model. In Chi et al., 2021 and Yan et al.,
2021 [62,/94], the number of features was not reported at any point in the
model-building process. While only Khan, 2018, Trinh et al., 2022 and Yan
et al., 2021 [30,93,(94] reported on feature importance.

The use of a resampling framework aids in producing robust results and
so is preferable for validation purposes. More than half of the studies did not
use a resampling framework [30,/62,/89,090,94] of which Khan, 2018 and Yan
et al., 2021 [30,94] did not even implement a single train/test split.

As previously described, the use of an appropriate metric for discrimina-
tion is of paramount importance for assessing the survival model. Dai et al.,
2022; Lee et al., 2021; Lee et al., 2022 [88-90] did not report on an appropriate
metric. To make an inference on a reported evaluation metric, it is necessary
to report on a measure of variability or spread, such as a standard error of con-

fidence interval. Khan, 2018; Nezhad et al., 2019; Yan et al., 2021 [30,(92}/94]
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did not provide a measure of spread for their evaluation metrics.

2.7 Conclusion

In considering the quality assessment and risk of bias, it is clear that consis-
tency is required in reporting and an improved understanding of the require-
ments to be met for the ChAMALI checklist. In doing so, the clinical usefulness
of the model can be determined, the modelling framework will be sound, and it
allows for a thorough comparison of methods being used to allow an improved
understanding of the benefits of ML methods for survival analysis in cancer
in the future. The use of machine learning methods for survival analysis has
been increasing rapidly in recent years. In cancer research, the popularity
of these methods is due to their ability to handle high dimensionality and
non-linear effects, which allows the use of larger and more complex data.
This systematic review aimed to determine which machine learning methods
were being implemented for survival analysis in cancer studies and, from this,
garner insight as to whether machine learning had the ability to outperform
traditional models. A second objective of this review was to identify which
methods, if any, showed the best performance.

Due to a lack of consistency in reporting and study designs, gaining such
insight across all studies is difficult. Studies did not consistently compare
the machine learning methods to traditional models or always make compar-
isons between several machine learning models, limiting the number of studies
possible to draw conclusions from.

Direct comparisons between machine learning models were also prohibited
by the large variations in outcomes of interest and performance metrics used

and reported on, again limiting the number of comparable studies. In the sub-
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set of 39 studies which quoted the C-index for models concerned with overall
survival, it was found that machine learning methods could outperform the
Cox proportional hazard model in most cancer types. The predictive per-
formance of the different machine learning methods varied across the cancer
types, but overall, multi-task and deep learning methods generally appeared
to yield superior performance.

With respect to the PCa studies, in both the overall survival and RFS,
when the traditional CPH model was compared to SVM models, CPH either
outperformed or was comparable to the ML method [30,31]. For all other
comparisons, at least one of the ML models outperformed CPH [62,094]. As
only two studies could be considered for comparison for each outcome of in-
terest, and given the lack of overlap in the sets of machine learning models
considered, it was not possible to draw further conclusions from this analysis.
Furthermore, as with the full systematic review results, the lack of consis-
tency in the reporting and evaluating of results and in the frameworks and
methods implemented limit the ability to infer any substantial findings in a
more general sense about the use of ML methodologies for survival analysis

in PCa, at the time of writing.
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CHAPTER 3

Improving the Post-Operative Prediction of
BCR-Free Survival Time with mRNA

Variables and Machine Learning

Abstract

Predicting the risk of, and time to biochemical recurrence (BCR) in prostate
cancer patients post-operatively is critical in patient treatment decision path-
ways following surgical intervention. This study aimed to investigate the
predictive potential of mRNA information to improve upon reference nomo-
grams and clinical-only models, using a dataset of 187 patients that includes
over 20,000 features. Several machine learning methodologies were imple-
mented for the analysis of censored patient follow-up information with such
high-dimensional genomic data. Our findings demonstrated the potential of
inclusion of mRNA information for BCR-free survival prediction. A random
survival forest pipeline was found to achieve high predictive performance with
respect to discrimination, calibration, and net benefit. Two mRNA variables,
namely ESM1 and DHAHS, were identified as consistently strong predictors
with this dataset.
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3.1 Introduction

Radical prostatectomy (RP) is the primary treatment for prostate cancer [1].
Approximately 30% of patients undergo RP [2], of which up to 70% remain
disease-free after 10 years [3], while 20-40% fail and experience biochemical
recurrence (BCR) [4]. In the latter case, the time from surgical intervention
until BCR varies across patients, with over 60% of BCR cases occurring in the
first two years post-operatively [5]. The probability of BCR-free survival is a
widely investigated topic as it plays a role in patient treatment decision mak-
ing [6/7]. The probability of recurrence can be used to determine if and when
adjunctive therapies, such as radiotherapy, hormone therapy, and chemother-
apy, should be initiated [8]. Current state-of-the-art nomograms such as that
produced by the Memorial Sloan Kettering Cancer Centre (MSKCC) use rou-
tine clinical variables to make the prediction [9].

Originally developed by Kattan et al. in 1999, a post-operative nomogram
using prostate specific antigen (PSA) at diagnosis, Gleason sum score, pro-
static capsular invasion, surgical marginal status, seminal vesicle invasion, and
lymph node status are used to make prediction of BCR at seven years [10]
with updates on this in 2005 and 2009 [11,/12]. Other models such as the
Walz et al., 2009, are designed for prediction at 2-years post-operatively [5].
Two potential limitations of these reference nomograms are the modelling
structure they are based on and the nature of the variables used. Nomo-
grams can predict only for the probability of an event occurring at a specific
point in time; the original Kattan nomogram [10], for example, considers a
7-year post-RP horizon. This limits the ability to make treatment decisions at
different time-points. Both nomograms also consider only clinical variables,

although further information may become routinely available for prediction.
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This study considered models that allowed for less stringent assumptions on
the variable effects, and the inclusion of a number of genetic variables, to
overcome these limitations.

The Cox proportional hazard model [13] is a statistical approach of refer-
ence for the analysis of censored survival data. Two key assumptions of this
model that may be unrealistic are that the independent risk predictors inter-
act linearly in quantifying the relative risk of patients, and that all hazards
are proportional within the cohort. Any continuous predictor variable with
a non-linear relationship to the risk would need to be transformed to fit the
model. However, this would require prior knowledge of the distribution of all
variables to be considered for inclusion [14]. Furthermore, such traditional
regression models are prone to overfitting, in that the addition of (possibly
redundant) variables to the model can lead to an improved fit whilst reducing
the generalisability of the model to unseen patients [14,15]. Other important
limitations of Cox models in the context of modern, high-dimensional clinical
datasets, are their inability to adjust for collinearity (i.e., redundancy) in the
feature set, and their non-applicability to datasets containing more candidate
predictors than observations [15]16].

Machine learning methodologies offer solutions to overcome these limita-
tions. Model regularisation can be applied to traditional models including
Cox models [17] to handle collinearity and reduce the potential of overfitting,
yielding the likes of the LASSO Cox and Cox ridge regression models [15].
Gradient boosting may also be applied to Cox modelling in order to miti-
gate the risk of overfitting, and so, is naturally applicable in high-dimensional
environments [18,/19]. Other alternative models include the random survival
forest, a non-parametric, tree-based strategy that does not impose linearity

constraints and thus allows the inclusion of covariates with associations that
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are not linear in nature [20].

Improvements may be achieved also in terms of the nature of the infor-
mation used in current clinical nomograms, since these use routine clinical
variables only. Over the past 15 years, the utility of gene expression biomark-
ers has been widely researched and demonstrated [21-25]. The assessment of
mRNA variables has become more cost-reasonable and feasible, offering new
opportunities to improve on current models. Currently, mRNA data typically
becomes available post-operatively when clinicians have large biological sam-
ples of diseased tissue to extract the genetic component from. The primary
goal of this study is, firstly, to determine whether the inclusion of mRNA
variables can lead to an improvement in the predictive performance of mod-
els determining time-to-BCR, and secondly, to identify relevant statistical or

machine learning methodologies to perform this prediction.

3.2 Materials and Methods

3.2.1 Data

The dataset used for this analysis was developed in a study by Taylor et
al., and contains a total of 232 patients [25] and is comprised of 2 parts,
i.e.; a set of routine clinical variables and another of messenger ribonucleic
acid (mRNA) variables. Following pre-processing for duplicates and missing
information, a final 187 patients with complete information including BCR-
free duration were retained. BCR in this dataset, is defined as PSA > 0.2
ng/mL on two occasions post-operatively [25]. Any records of a Gleason
score of 5 were upgraded to a score of 6 per the current grading system [26].
Of these 187 remaining patients, 133 had mRNA information, and so any

mRNA analysis was carried out on this sub-cohort. Although the primary
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and secondary Gleason scores were available for all remaining individuals,
they were not considered for use in our model pipelines as their combined
information is already captured in the combined Gleason sum score. Pre-
operative variables such as clinical stage and biopsy Gleason score were also
excluded as these are seen as approximations of the pathological variables
available for analysis in the post-operative setting. As extracapsular extension
(ECE), seminal vesicle invasion (SVI), and lymph node involvement (LNI)
were included in the modelling, the pathological stage was also removed as
the combined effect of these variables should account for all of its effect [27].
All of the aforementioned variable exclusions are in line with the method
of the original Kattan nomogram and the current, state-of-the-art MSKCC
nomogram [9,/10].

The final set of routine clinical variables consisted of both continuous
and categorical features. The continuous variables were PSA (mean = 10.4,
standard deviation (SD) = 16.13) and age (mean = 58.1, SD = 6.67) at
diagnosis and the categorical variables considered for inclusion in a model
can be seen in Table along with their descriptive statistics. The set of
mRNA variables was not pre-processed and was comprised of over 20,000

features.

3.2.2 Statistical Analysis

Four distinct predictive modelling strategies were considered: the traditional
Cox proportional hazard (CPH) model [13]; an L;-penalised regularisation of
this model named LASSO Cox [2§]; a gradient boosting approach consisting of
a sequential ensemble of CPH models, named Boosted Cox [29]; and a random
survival forest (RSF) [20], as an alternative to Cox-based modelling of the

risk of BCR. Each modelling approach was implemented with either routine
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Table 3.1: Descriptive statistics of the categorical clinical variables.

Variable N %
BCR-free Survival
Censored 135 72
BCR 52 28
Ethnicity
White 147 79
Black 30 16
Asian 4 2
Unknown 6 3
Pathological Gleason Score
6 52 28
7 103 55
8 17 9
9 15 8
Extracapsular Extension (ECE)
Absent 52 28
Present 135 72
Seminal Vesicle Invasion (SVI)
Negative 156 83
Positive 31 17
Lymph Node Involvement (LNTI)
Normal 140 75
Abnormal 19 10
Not Done 28 15
Surgical Marginal Status (SMS)
Negative 137 73
Positive 50 27

clinical variables only, or with a combination of clinical and mRNA variables.

Before inclusion, the set of mRNA variables was reduced using pre-filtering
and feature selection techniques outlined hereafter, applied either separately
or combined, prior to model building. A correlation-based pre-filter was con-

sidered in order to remove variables with a high Pearson correlation with
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other variables from the dataset in order to prevent multicollinearity, using
an absolute cut-off value of 0.6. This cut-off was selected as it had previously
been shown to be optimal by Goh et al. on similar data [30]. The feature
selection technique consisted of performing univariate Cox PH analysis on
each variable separately and ordering the output with respect to their ad-
justed log-rank score, whilst also adjusting all p-values for false discovery rate
(FDR) [31]. The 50 variables with an FDR-adjusted p-value less than 5%
and yielding highest log-rank scores were retained for inclusion for multivari-
ate modelling. This method was implemented in line with that outlined by
Beer et al. on their assessment of gene expression and the prediction of lung
cancer [32]. Such multiple testing methods can be prone to high false positive
rates [33], and FDR p-value correction is a popular method used to mitigate
this risk. All traditional CPH models underwent further feature selection by
means of a forward stepwise selection with a maximum of 10 variables chosen
for the models with mRNA variables. All RSF models underwent recursive
feature elimination [34] with the selected number of variables being evaluated
based on the model yielding the highest concordance index (C-index), which
is defined as the proportion of all usable pairs of patients whose predicted and
observed outcomes are concordant [35436].

R (version 2022.07) [37] was used for all statistical and machine learning
analyses. The regularisation parameter (\) was selected using cross-validation
for the LASSO Cox models [38], using a final value for A corresponding to
one standard deviation of the cross-validated error, as a standard approach
to achieve parsimony [34]. Hyperparameters for the boosted Cox and RSF
models were kept to default settings [29,39]. Thus, boosted Cox models
contained 100 boosting iterations and a fixed shrinkage parameter of 0.1.

The RSF models were built using 500 trees, considering /P variables at each
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split (where P denotes the number of features considered for modelling) and

with a minimum size of 15 for the terminal nodes.

3.2.3 Evaluation Framework

The models were assessed and bench-marked via bootstrapping, using 100
bootstrap resamples for model building and the corresponding out-of-bag
(OOB, i.e., test) points for independent testing. Thus, training samples of
size N = 133, sampled from the original dataset with replacement, were used.
Those observations not used in the training sample were used in the inde-
pendent test samples, each of size n = 49. The predictive performance of
the models was assessed in terms of discrimination and calibration. In this
study, discrimination refers to the model’s ability to correctly rank patients
relative to each other, using a bootstrap-corrected c-index and corresponding
confidence intervals (CI), in order to obtain unbiased estimates of external
predictive discrimination [40]. Calibration analysis provides a way to assess
model bias for various risk profiles, by comparing the observed and predicted
probabilities [41]. Here, two approaches to calibration were implemented
within the bootstrapping framework. The method of Harrell et al. com-
pares quintiles of the predicted survival of patients at a specific time-point to
their Kaplan—Meier estimates [40]. Two- and five-year BCR~free survival end-
points were considered in keeping with calibration of the reference MSKCC
nomogram. The second method involves the comparison of quintiles of the
predicted overall BCR-free survival probability with their observed Kaplan—
Meier estimates [42]. This second method allows for inspection of the model’s
ability to predict across all time-points, as opposed to the 2-year or 5-year
survival horizons.

Receiver operating characteristic (ROC) curve and decision curve analy-
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sis (DCA) were also assessed at both 2-year and 5-year horizons to further
assess the predictive performance. ROC analysis was summarised in terms
of the corresponding bootstrapped area under the ROC curve (AUC) values
calculated on the OOB points [36,/43]. DCA [44] provided complementary
assessment in terms of the clinical value and potential net benefit to patients
of the models’ predictions.

In complement to predictive performance, the feature selection stability
of the best-performing modelling pipelines across the 100 bootstraps was as-
sessed in terms of the overall feature selection rates, and measured using the
Jaccard, Davis, and Dice indices [45,/46]. These indices range between 0 and 1,
a higher index value indicating a more stable model [47]. Further, individual
feature selection rates were analysed to extract information about potentially

relevant predictors for BCR.

3.3 Results

The results from the evaluation of the predictive pipelines described in Sec-
tion [3.2.2| using the frameworks outlined in Section |3.2.3| are reported in this

section.

3.3.1 Discrimination

The models’ discriminatory performance based on the bootstrapped C-indices
are shown in Table [3.2] along with their corresponding confidence intervals.
The boxplots of best the performing pipelines are shown in Figure (3.1}
Pairwise two-sided Wilcoxon signed-rank tests of the null hypothesis of
no difference in the C-index distributions reported in Table were carried

out on all pairs of the models, in order to compare the discriminative per-
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Table 3.2: Bootstrapped C-indices. The top performing pipelines for each statistical
model (namely CPH, LASSO Cox, Boosted Cox, and RSF) are highlighted in bold.

Model C-Index 95% Confidence
Interval
MSKCC 0.770 (0.675, 0.844)
Clinical Variables Only
Cox 0.798 (0.724, 0.857)
LASSO 0.761 (0.710, 0.824)
Boosted 0.770 (0.709, 0.829)
RSF 0.795 (0.727, 0.852)
Clinical Variable and Correlation Prefiltered mRNA variables
Cox 0.828 (0.720, 0.909)
LASSO 0.762 (0.696, 0.826)
Boosted 0.816 (0.757, 0.866)
RSF 0.749 (0.695, 0.811)
Clinical Variables and Univariate Cox Feature Selected mRNA variables
Cox 0.765 (0.688, 0.827)
LASSO 0.768 (0.703, 0.835)
Boosted 0.798 (0.737, 0.845)
RSF 0.782 (0.730, 0.846)

Clinical Variables and Correlation Prefiltered and Univariate Cox Feature
Selected mRNA variables

Cox 0.792 (0.671, 0.865)
LASSO 0.763 (0.464, 0.918)
Boosted 0.814 (0.753, 0.863)

RSF 0.821 (0.747, 0.874)

formance of the pipelines relative to each other, with FDR correction for
p-values [31]. The traditional CPH model and the RSF using only clinical
variables outperformed the MSKCC nomogram (p — value < 0.001). No sig-
nificant difference was found between the MSKCC and either the LASSO or
Boosted models (p-value = 0.210 and 0.915, respectively). There was also
no significant difference between the traditional CPH model and the RSF (p-
value = 0.280). These tests also indicated that at least one of the models
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that included mRNA variables outperformed each of the clinical-only models.
Furthermore, the inclusion of mRNA variables yielded improved performance
for the CPH, Boosted Cox, and RSF models (all p — values < 0.001), but not
for the LASSO Cox model (all p — values > 0.300). For all modelling strate-
gies, the pipeline yielding the highest bootstrapped C-index was identified as
the best-performing pipeline (shown in bold in Table and retained for

further analyses.

3.3.2 Calibration

The MSKCC nomogram, the current state-of-the-art post-operative model, is
designed with a 2-year or 5-year horizon as the predictive endpoints, and all
models were tested for both 2- and 5-year survival calibration, as shown in Fig-
ure 3.2 For this data, the MSKCC nomogram showed reasonable calibration
for both these endpoints. Some under-prediction occurred for those with low
observed survival and some over-prediction occurred for those with higher
observed survival. For overall survival, however, the nomogram appeared
mis-calibrated for this data, yielding under-prediction at all time-points of
reference.

In the clinical-only models, overall survival was slightly over-predicted
but with much closer adherence to the 45-degree line overall (thus, closer to
the observed values) than the MSKCC model. All clinical-only models also
showed reasonable calibration at the 2- and 5-year endpoints. It can be noted
that in both 2- and 5-year endpoint curves the LASSO and Boosted Cox
models yielded very little separation between the top four quintiles.

As for calibration of the best-performing mRNA models; RSF, Boosted,
and LASSO models all yielded similar calibration curves with close adherence

to the 45-degree line for overall survival as well as 2- and 5-year survival.
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Figure 3.1: Bootstrap C-Index distributions of the MSKCC nomogram and the
most competitive model pipelines using mRNA data. From left to right; MSKCC,
Cox model with clinical variables and correlation prefiltered mRNA variables, RSF
model with clinical variables and correlation prefiltered and univariate Cox feature
selected mRNA, Boosted Cox model with clinical variables and correlation pre-
filtered mRNA variables, LASSO Cox model with clinical variables and univariate

Cox feature selected mRNA.

The CPH model, however, showed poorer calibration for all three endpoints.

Thus, optimisation of the CPH model with respect to the C-index, with the



Chapter 3. Post-Operative Prediction of BCR-free Survival

98

inclusion of mRNA variable, led to a decrease in model calibration.
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Figure 3.2: Calibration curves for MSKCC (left), clinical-only models (centre) and

best-performing mRNA-based models (right) for (from top to bottom) overall,

2-year and 5-year survival.

3.3.3 Prediction Performance

ROC and decision curve analysis (DCA) were also both carried out for the 2-

and 5-year survival endpoints, with the output shown in Figure [3.3] Optimal
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out-of-bag prediction [48] was achieved by the RSF at the 2-year horizon
(AUC = 0.824, CI of 2,000 bootstrap resamples = (0.716, 0.933)) and 5-year
horizon (AUC = 0.772, CI = (0.651, 0.893)). DCA indicated that only the
RSF model showed a continued net benefit across all threshold probabilities
for both the 2- and 5-year endpoints. All models improved upon the “Treat
All” method, but none of the other methodologies showed benefit at 2 years.
At 5 years both the LASSO and Boosted Cox models retained some net benefit
across all thresholds but were below that of the RSF model.

3.3.4 Model Stability and Feature Selection

Overall model stability was evaluated on all clinical-only pipelines and on the
best performing pipelines for each modelling strategy when including the en-
tire set of over 20,000 mRNA variables, identified in Table[3.2]in terms of their
C-index performance. A first assessment consisted of statistical summaries of
the sizes of the final predictive subsets selected by each pipeline, reported in
Table [3.3] All clinical-only pipelines showed little deviation around a typ-
ical 5-variable model structure. In terms of the make-up of these models,
however, the LASSO and Boosted Cox pipelines selected 14 clinical variables
across all bootstraps, compared to 8 for traditional CPH and the RSF (Table
, suggesting higher stability of the latter 2 for the clinical-only models.
When including mRNA data, all models typically tended to contain around
10 to 16 variables for prediction. Remarkably, the typical final feature set size
of Cox-based mRNA-inclusive pipelines had a coefficient of variation (CoV)
either lower than, or comparable to that of clinical-only pipelines, indicating
reasonably low variability in final model sizes for mRN A-inclusive models. An
increase in CoV, however acceptable, was noted for RSF after introduction of

mRNA information. This first analysis thus suggested that mRNA-inclusive
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Figure 3.3: (A,B): ROC for 2-year (A) and 5-year (B) horizons. (C,D): DCA

curves at the same horizons.

pipelines tended to include a reasonable number of variables in their models.

Model stability was further measured by considering the overall individual
feature selection rates across bootstraps, as well as on the basis of three overall
stability indices , namely the Jaccard, Davis, and Dice indices, as shown
in Figure|3.4] The Davis index in Figure confirmed increased stability of
the traditional Cox and RSF pipelines over the LASSO and Boosted Cox

alternatives for clinical-only modelling. As for mRNA-inclusive pipelines,
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Table 3.3: Summaries of final predictive model sizes (i.e., number of variables used)
selected within the clinical-only models and best-performing pipelines, in terms of
their mean, median, standard deviation, and coefficient of variation (CoV), as well
as the overall number of features selected at least once across 100 bootstraps.

Mean Median SD CoV Overall
Clinical-only
Cox 4.55 5 1.250 27.5% 8
LASSO 3.51 3 1.541 43.9% 14
Boosted 5.10 5 0.870 17.1% 14
RSF 4.96 5 1.524 30.7% 8
Top performing pipelines
Cox 9.46 10 0.926 9.8% 623
LASSO 11.88 12 3.891 32.8% 343
Boosted 14.98 15 3.052 20.4% 323
RSF 17.85 16 9.057 50.7 % 335

the comparison of metrics shown in Figure with those of Figure [3.4B
indicated lower stability, as would be expected given the sheer size of the
genomic dataset. Finally, RSF outperformed the CPH pipeline when using
mRNA, as shown in Figure [3.4B. In complement, the traces of overall feature
selection rates shown in Figure[3.4[C,D illustrate the tendency of RSF pipelines
to yield higher model stability and feature selection rates overall compared to
the LASSO and Boosted Cox models, whether using clinical-only or combined
clinical and mRNA information.

In summary, this set of results clearly indicates that the RSF is a more
stable pipeline than the LASSO and Boosted Cox alternatives. Whether con-
sidering clinical-only or clinical and mRNA features, the RSF yielded the most
stable pipeline overall in the latter case. Moreover, the RSF and Boosted Cox
methodologies, which were the most competitive overall, do not rely on a pro-
portional hazard assumption. This may suggest that the Cox PH assumption

is a possible limitation for the inclusion of mRNA information. Similarly,
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RSF does not constrain to linear interactions between the predictors, which
may be a reason for its overall higher predictive performance. The overall
lower performance seen with LASSO Cox, on the other end, may be due to
the inability of this model to cope well with multi-collinearity or confound-
ing, both of which are possibly present among the mRNA feature set. The
differences in performance observed between the models must be confirmed in
independent studies before any reliable insights can be derived on the specific
aspects behind the performance of each model.

Overall, the pathological Gleason Score was the single-most prevalent pre-
dictor across all pipelines (Figure ,D; Table . It was the only variable
that was selected more than 50% of the time in conventional Cox modelling.
The other three modelling approaches had more stable individual feature se-
lection rates. Figure [3.4(C illustrates the consistent tendency by all clinical-
only models to use pathological Gleason score and SVI in particular. This
trend remained present in LASSO and Boosted Cox models following the in-
troduction of mRNA data (Figure and Table [3.4)), whereas RSF tended
to use LNT and PSA mainly alongside the Gleason score. Finally, two mRNA
variables, namely DNAH8 and ESM1, appeared consistently in a number of
pipelines. Both of these have been noted in other reports for their association
with prostate cancer. DNAHS has been shown to be a marker for poor prog-
nosis in prostate cancer [49]. Elevated ESM1 has been shown to be associated

with prostate cancer progression and metastasis [50].
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Table 3.4: Selection rates of all variables with a selection rate > 50% in at least
one of the best-performing mRNA-inclusive pipelines.

Pathological LNI SVI PSA DNAHS ESM1
Gleason
Score
Cox 56% 16% 5% 4% 9% 10%
LASSO 60% 9% 64% 34% 55% 29%
Boosted 67% 2% 65% 34% 64% 62%
RSF 86% 88% 31% 62% 59% 50%
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3.4 Discussion

3.4.1 Key Findings

In this study, the machine learning pipelines developed for prediction of BCR-
free survival using Cox proportional hazards and random survival forest mod-
els using clinical variables only outperformed the reference MSKCC nomo-
gram with respect to model discrimination and calibration. This is in line
with previous findings by Jeffers et al., where their RSF model with clini-
cal variables has only been shown to improve on the Kattan nomogram [51].
Additionally, predictive performance of the models was enhanced by the ad-
dition of mRNA variables. The three best performing pipelines included both
mRNA information and clinical variables, indicating the potential for genetic
information to improve the predictive performance when combined with rou-
tine clinical variables. The mRNA features most frequently included in the
models were DNAHS8 (Dynein axonemal heavy chain 8) and ESM1 (Endothe-
lial Cell Specific Molecule 1). The main function of DNAHS is currently
understood to be related to sperm motility [52] and has been shown to be a
marker for poor prognosis in prostate cancer |[49] and to be associated with
metastasis [53]. Elevated ESM1 readings have been shown to be associated
with prostate cancer progression and metastasis [50], ESM1 over-expression
correlates to a higher Gleason Score [54]. Both of these variables were also
found to be useful predictors in the pre-operative setting by this group in

other analyses.
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3.4.2 Other Markers of Interest

Four clinical variables were repeatedly retained in the models that included
mRNA information; pathological Gleason sum, seminal vesicle invasion, pre-
operative PSA, and lymph node involvement. PSA was not consistently se-
lected in the Cox-based models, but was in the RSF pipelines, which suggests
that this antigen level may interact with predictors in a nonlinear way with
respect to the endpoint of interest. None of the mRNA variables identified
by Taylor et al. as tumour suppressors [25] were selected in our models. This
may indicate a lack of association between tumour suppression and biochem-
ical recurrence. Similarly, none of the variables used in the Decipher classifier
for the prediction of metastasis following RP [22] were selected. These mRNA
variables and their pathways, which are associated with metastasis, may be
different to those involved in biochemical recurrence itself. Other non-genetic
markers such as measures of systemic inflammation such as neutrophil-to-
lymphocyte ratio (NLR) have also been investigated recently for their po-
tential as predictive markers for BCR. Results on the prognostic potential of
NLR for BCR prediction presented in the literature are mixed [55-61]. As the
dataset used in this study did not contain this information, it was not possible
to investigate the potential of NLR in conjunction with mRNA variables at

this time, and it is therefore an avenue for future work.

3.4.3 Model Performance and Key Feature Identifica-
tion
While the traditional CPH model with prefiltered mRNA variables demon-

strated the best discrimination performance, its poorer calibration at specific

endpoints as well as overall calibration suggests overfitting. On the other
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end, the best performing RSF-based pipeline outperformed other modelling
strategies in terms of discrimination and calibration for 2-year, 5-year, and
overall BCR-free survival prediction. The RSF model was also shown to have
the highest AUC at both 2-year and 5-year horizons and gave rise to the
most consistent net benefit at these time-points in the decision curve analy-
sis. Among the most common methodologies available for survival analysis
in continuous time, it may thus be a more opportune strategy overall com-
pared to Cox-based approaches. Although the machine learning models were
tested internally using a bootstrapping framework, these findings require ex-
ternal validation, which was not possible given the relatively small size of this
dataset. Further improvement may also be possible using novel deep learn-
ing techniques, such as the Cox-based deep neural network recently described
by Hao et al. 2021 [62], for application to high-dimensional data with small
sample sizes. Experimentation of this recent innovation to BCR prediction
for prostate cancer will be done in future work by this group.

Not all mRNA-inclusive pipelines yielded an increase in the predictive per-
formance over their clinical-only counterpart. Whilst including mRNA vari-
ables in Boosted Cox models always led to a statistically significant increase in
performance, regardless of feature pre-filtering and selection technique used,
none of the LASSO Cox alternatives did. As for RSF pipelines, improvement
required the combined use of correlation prefiltering and univariate feature
selection. These findings are in line with those found by Gade et al., who
investigated the inclusion of microRNA and mRNA data by using a bipar-
tite graph as a single predictor [63]. The differences across the pipelines may
be due to a large extent to the lack of statistical power associated with the
relatively small sample size available, but it also indicates that the model

building process is non trivial. Less than 2% of the features available were
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used at least once by a pipeline within the bootstrapping framework, and a
gain in both model stability and predictive performance may be achieved with
feature pre-processing strategies that are better suited to the nature of these
data.

Moreover, unknown potential predictors of BCR may have been inadver-
tently removed from the pool of candidates prior to model building, e.g., due
to the inability of feature selection methods based on multiple univariate se-
lection to identify variables that may provide additional predictive potential
only when used in conjunction with other variables. Other methods of pre-
filtering and feature elimination will be investigated in future work including
the potential benefit of clustering and other relevant methods such as principal

component analysis.

3.5 Conclusion

The ability to predict BCR-free survival is critical for therapeutic decision-
making. After comparing several machine learning methodologies with the
reference Memorial Sloan Kettering nomogram, the main finding of this study
was that the inclusion of mRNA variables increased the predictive perfor-
mance. The best-performing pipeline combined correlation based pre-filtering
and univariate feature selection of mRNA variables with a random survival
forest model. It yielded high discriminative performance while retaining sat-
isfactory calibration at 2-year, 5-year and overall survival, as well as the high-
est AUC and net benefit across all pipelines benchmarked. mRNA variables
ESM1 and DNAHS were consistently found to be strong predictors for 2-year,

5-year, and overall BCR-free survival.
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CHAPTER 4

Pre-Operative Prediction of BCR-Free
Survival with mRINA Variables in Prostate

Cancer

Abstract

Technological innovation yielded opportunities to obtain mRNA expression
data for prostate cancer (PCa) patients even prior to biopsy, which can be
used in a precision medicine approach to treatment decision-making. This can
apply in particular to predict the risk of, and time to biochemical recurrence
(BCR). Most mRNA-based models currently proposed to this end are designed
for risk classification and post-operative prediction. Effective pre-operative
prediction would facilitate early treatment decision-making, in particular by
indicating more appropriate therapeutic pathways for patient profiles who
would likely not benefit from a systematic prostatectomy regime. The aim
of this study is to investigate the possibility to leverage mRNA information
pre-operatively for BCR-free survival prediction. To do this, we considered
time-to-event machine learning (ML) methodologies, rather than classification
models at a specific survival horizon.

We retrospectively analysed a cohort of 135 patients with clinical follow-up

data and mRNA information comprising over 26,000 features (data accessi-
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ble at NCBI GEO database, accession GSE21032). The performance of ML
models including random survival forest, boosted and regularised Cox models
were assessed, in terms of model discrimination, calibration, and predictive
accuracy for overall, 3-year and 5-year survival, aligning with common clinical
endpoints.

Results showed that the inclusion of mRNA information could yield a
gain in performance for pre-operative BCR prediction. ML-based time-to-
event models significantly outperformed reference nomograms that used only
routine clinical information with respect to all metrics considered. We believe
this is the first study proposing pre-operative transcriptomics models for BCR
prediction in PCa.

External validation of these findings, including confirmation of the mRNA
variables identified as potential key predictors in this study, could pave the
way for pre-operative precision nomograms to facilitate timely personalised

clinical decision-making.

4.1 Introduction

Although radical prostatectomy (RP) has been the primary treatment for
Prostate Cancer (PCa) for the last forty years, post-operative recurrence re-
mains high [1]. This event is determined by a rise in Prostate Specific Antigen
(PSA) and is termed a biochemical recurrence (BCR). BCR occurs in 20-40%
of patients following RP [2]. Thus, determining factors that influence the
time-to-BCR is critical for treatment decision-making. In particular, the abil-
ity to predict treatment failure pre-operatively could facilitate earlier decision-
making regarding primary treatments and adjuvant therapies 3], including as

to whether to recommend RP to patients at higher risk of recurrence. Recent
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technological improvements have created the opportunity to obtain patient
genetic data routinely, which could be used in a precision medicine approach
to inform therapeutic decisions. Identifying clinically useful variables with a
strong potential for prediction of BCR is the main objective of this study.
Specifically, we aim to examine the potential for inclusion of messenger ri-
bonucleic acid (mRNA) transcriptomic information. In doing so, this work
also evaluates the potential of machine learning (ML) methodologies over
traditional methods and state-of-the-art nomograms. To date, most mRNA-
based models proposed to this end are designed for risk classification and
post-operative prediction. Effective pre-operative prediction would facilitate
early treatment decision-making, in particular by indicating more appropriate
therapeutic pathways for patient profiles who would likely not benefit from a
systematic prostatectomy regime.

The Kattan nomogram for time-to-BCR prediction has been widely vali-
dated and is still commonly used for baseline comparison due to its high AUC
(0.80) when initially assessed [4]. The Memorial Sloan Kettering Cancer Cen-
ter (MSKCC) web-based nomogram is an update on the Kattan nomogram,
with the most recent version dated April 2021 yielding a C-index of 0.80 on
validation of a single-centred site [5]. While these nomograms have good per-
formance metrics, they are subject to limitations. As the Kattan model was
created in 1998, some criteria in its design are outdated. For instance, the tu-
mour grading protocol used for Gleason scoring has changed so that the lowest
score (originally 5) now assigned is 6 [6]. The PSA level deemed to indicate
BCR has also changed from > 0.4 ng/mL to having two PSA measurements
> 0.2 ng/mL [7].

Both models utilise routine preoperative clinical variables only, despite

advances being made in this field to generate and integrate high-throughput
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patient-specific information. To date, predictive models that use mRNA infor-
mation have been considered mainly in post-operative settings for the predic-
tion of BCR [8,9] and metastasis |[10]. As the method currently implemented
for mRNA extraction relies on tumour samples, genetic information gener-
ally only becomes available post-operatively. However, it is now possible to
obtain this information from pre-operative needle biopsy, or more recent tech-
niques again such as liquid biopsy, which gives rise to potential inclusion of
mRNA information earlier in the patient care timeline. A number of studies
have shown that the genetic profile at biopsy is representative of the entire
tumour [11-13]. With this in mind, we assume that pre-operative mRNA
information aligns strongly with that obtained during RP used in our models.
In this study, we used mRNA data acquired post-operatively as a proxy for
pre-operative modelling, together with pre-operative routine clinical variables,
to produce the first pre-operative model for prediction of time-to-BCR. Other
pre-operative models found in the literature are classifiers designed for bi-
nary prediction of recurrence or metastasis [14},15], rather than time-to-event
prediction models. Moreover, the selection of relevant mRNA biomarkers
is performed here from within a set of over 26,000 mRNA variables, inde-
pendently of previous findings, unlike in other (post-operative) mRNA-based
models [8] that used predefined sets of variables. As such, the proposed study
also proposes a benchmark of ML methodologies against conventional clinical

modelling strategies for pre-operative time-to-BCR prediction.
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4.2 Materials and Methods

4.2.1 Data

The dataset was developed in a study by Taylor et al [16] containing 232 pa-
tients, of whom 198 had BCR-free survival time, along with censoring status,
routine pre-operative clinical variables (namely patient age, PSA at diagno-
sis, Gleason score, ethnicity and clinical stage), and over 26,000 mRNA tran-
scriptome variables. The data was accessed on the 1st of May 2021 and was
fully anonymised at source (data accessible at NCBI GEO database, accession
GSE21032). The mRNA data was obtained from surgical specimens during
RP. Six patients with missing information were removed from the dataset,
imputation not being feasible due to the large amount of missing information
for each case, the bias introduced by imputation would likely outweigh that
of selection bias. A further two patients had identical values for all variables
except metastatic status and were thus both removed. Gleason score of 5 (n
= 2), and Gleason score of 6 (n = 100) were combined to align with cur-
rent grading protocols [6]. Of the 190 remaining patients, 135 had mRNA

information. Our analyses were thus carried out on this sub-cohort.

4.2.2 Models

In this study, follow-up times varied between patients, and the sole event
of interest was BCR. Censored patients were included for analysis up until
censoring occurred. Let the right-censored survival information recorded for

the N patients in this cohort be denoted by

(T,(S)Z,Zzl,,N
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where T > 0 and 6 € {0,1} are respectively BCR-free survival time and
censoring status (6 = 0 indicating the patient observation was censored at
time 7). Letting 7° be the true BCR-free survival time, and 7° the true
censoring time, then 7" = min(T°,7%). Let also m < N be the number of

BCR events in this cohort, at distinct times

t <ty <o <y,

and d; BCR events recorded at time t;, 7 = 1,...,m. Given an N x P set
X = (Xy,...,Xp) of P variables recorded for each patient, four distinct mod-
elling strategies with the capacity to adjust for censoring were applied to the
data for survival analysis of the time to BCR ({(7,4,X);}X,). From this
analysis it was possible to derive the survival curve S;(t) = Pr(T; > t) and
associated survival characteristics of each patient. As several subsets of X
were considered in our analyses, hereafter P loosely denotes the number of
features in the relevant subset. One of the methods we considered for survival
analysis was the conventional Cox proportional hazard model [17]. A limita-
tion of this model is its inapplicability to wide datasets, where the number
of predictors P far exceeds the number of observations N. To overcome this
limitation, a forward stepwise selection (F'S) was used, selecting only the most
important features. As ML methodologies are widely recognised as being bet-
ter suited for this type of high dimensionality, LASSO Cox [18] and boosted
Cox [19] models were considered as alternatives to FS. The fourth strategy
considered was the random survival forest (RSF), which consists of bagging
survival trees [20]. The chosen ML models were selected for their prevalence
in the literature and their shown improved performance in previous studies in
cancer [21-23]. Different models were produced for each of these techniques

based on different variable subsets, with sixteen models created. Firstly, Cox,
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RSF, LASSO Cox and boosted Cox models were developed using routine pre-
operative clinical variables only, and compared to the current MSK nomogram
for reference. The other twelve models were built using combined clinical and
mRNA variable subsets obtained following either (unsupervised) correlation
pre-filtering, or (supervised) univariate Cox feature selection, or both. The
correlation filter was applied to the entire dataset, using an absolute cut-off
value of 0.6 on Pearson’s correlation [24], a threshold deemed optimal in pre-
vious studies on similar data [25]. Correlation was used as a pre-filtering
technique as it not only allows for dimensionality reduction but provides an
unsupervised method to reduce multicollinearity in the data [26]. Univari-
ate Cox feature selection of mRNA variables was performed on each of the
resampled training sets, and the 50 variables with the best log-rank scores
were retained in line with methods used by Beer et al on their assessment
of gene expressions and the prediction of lung cancer [27]. Feature selec-
tion based on univariate Cox proportional hazard analyses is a supervised
technique commonly used in clinical applications, that consists in electing
standalone predictors for multivariate modelling [28]. FS was performed on
all Cox models i.e. with or without feature pre-filtering/selection, allowing
for a maximum of 10 variables to ensure a reasonable N/P ratio. Recursive
feature elimination was performed on all RSF models. The hyperparameters
of the RSF and boosted Cox models were kept to conservative settings [29,30].
Thus, the RSF models were obtained using 500 trees, considering /P vari-
ables at each split and with a minimum size of 15 for the terminal nodes and
boosted Cox models were built using 100 boosting iterations and with a fixed
shrinkage parameter of 0.1. The regularisation parameter (\) was selected
using nested cross-validation for the LASSO Cox models [31], using a final

value for A corresponding to one standard deviation of the cross-validated
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error, as a standard approach to achieve parsimony [32].

4.2.3 Evaluation Framework

The 16 models described above were evaluated with respect to model discrim-
ination, calibration, predictive performance and feature selection stability, via
bootstrapping (using 100 iterations, i.e. where data was repeatedly sampled
with replacement to create a dataset for training of equal size to the full
dataset and the unselected samples, or out-of-bag (OOB) points, were used
for testing). All analyses were carried out using the statistical software envi-

ronment R [33] version 4.0.2.

Discrimination

In this study, discrimination refers to a model’s ability to correctly rank pa-
tients relative to each other based on their predicted time-to-BCR. A bootstrap-
corrected concordance index (C-index), defined as the proportion of all feasible
pairs of patients whose predicted and observed outcomes are concordant [34],
and associated confidence interval (CI), were derived for each model for un-

biased estimation of external predictive discrimination.

¢ = P(Si(t) > S,(0IT: > T5)
Bootstrap-corrected C-indices take into consideration the difference be-

tween the bootstrap sample models performance and the performance of the

model built using the full dataset penalising for overfitting.

Calibration

Two forms of calibration analyses were used to assess model bias [35]. The

first method is the more commonly implemented specific time-point method
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which aims to assess the conformity of a model to a binary outcome and is
described in more detail in Harrell et al [35]. The second evaluates the mod-
els conformity of a continuous model response typical of survival analysis.
Both have been derived based on the OOB survival curve estimates {S;(t)}Y
yielded by each model for all N patients. Since the MSK nomogram is specif-
ically calibrated to 5-year survival, calibration curves at the 5-year horizon
were obtained with respect to quintiles {pi,...,ps} of the sample of values
{p2}N |, where p? = S;(5 years) = Pr(T}, > 5 years) denotes the probabil-
ity for patient ¢ to survive at least 5 years. Points on the calibration curves
have coordinates (S5, S'?(Myq), q=1,...,5 where 52 denotes the sample mean

survival likelihood

Sb = > 5(5)

1

i

for each subset .7 = {i € {1,...,N}|pg—1 < p} < Pg},q=1,...,5 (set-
ting po = 1) [36], and S m,q denotes the value of the Kaplan-Meier estimate
of BCR-free survival S’KM’q(t) obtained for each subset 5”;’ and evaluated
at t = 5 years. A second approach was used to assess model calibration
for overall BCR-free survival estimation. This “overall survival” calibration
curve was defined with respect to the quintiles {Z,, ..., %5} of the time-to-event
data {t;}, by coordinates (S, Skum(ty)),q=1,...,5, where S, denotes the

sample mean survival likelihood

_ 1 N
Si=1 > Sit)

|l e,
in each subset .7, = {i € {1,...,N}[t,.1 <t; <t,},q=1,...,5 (setting
to = 0) [36]. The confidence bands for each calibration curve were derived

directly from the corresponding Kaplan-Meier estimates.
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Predictive Performance

Bootstrapped receiver operating characteristic (ROC) curves and correspond-
ing area under the ROC curve (AUC) values were evaluated for all models
to assess their predictive performance at specific, clinically relevant time-
points [37]. ROC is used to assess the correct classification of subjects as
remaining BCR-free or not at a specific time-point. As certain points in time
are considered clinically important for determination further treatment this
analysis can give an indication of the performance of a model for this classi-
fication task. Decision curve analysis (DCA) [38] was carried out to provide
complementary assessment in terms of the clinical value of the predictions
from each model. DCA is also considered at specific time-points and again
relates to the clinical importance of the model’s performance. The net benefit
considered in the DCA is an indication of the increased or decreased number
of patients who could see benefit in their treatment if the model was used for
evaluation. Where a positive net benefit can be viewed as the proportion of
patients who would benefit the from use of the model in a clinical decision
making setting.

Lastly, feature selection rates from all model fits were recorded and anal-
ysed for all pipelines, to determine model stability in terms of their tendency
to use the same features across all bootstrap resamples. This also allowed ex-

amination of what mRNA material was deemed relevant for BCR prediction.

4.3 Results

Results from the quantitative analysis of the 16 modelling pipelines are pre-
sented hereafter with respect to each assessment criterion successively. For

discrimination, the model outputs were compared by way of multiple pairwise
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comparisons using Wilcoxon signed-rank tests which are a nonparametric al-
ternative to the t-test that allows for comparison of the centrality of the dis-
tributions [39]. 5% significance, after p-value adjustment for false discovery
rate (FDR) was used as the level of significance [40]. These are the p-values
discussed hereafter. For the predictive performance of the most discriminating
pipelines, the AUC was compared by way of multiple pairwise comparisons

using DeLong tests also at 5% significance, after p-value adjustment for FDR.

4.3.1 Discrimination

Bootstrap C-indices and Cls for each model are shown in Table 4.1, The
MSK model outperformed all other models using only clinical variables (p <
0.025). An important finding is that inclusion of mRNA variables significantly
increased model discrimination performance for all modelling strategies (p <
0.001), compared to their baseline clinical counterpart and MSK. The gain
obtained from inclusion of genetic information is observed in terms of the
other performance aspects reported on hereafter.

Table further shows that pipelines using univariate Cox feature se-
lection yielded significantly higher discrimination compared to those using
correlation-based filtering only (p < 0.001), and combining both filtering
strategies was optimal for boosted Cox and RSF models (p < 0.001). Overall,
RSF achieved the highest discrimination performance, yielding statistically
significant improvement over all other models (p < 0.001). All further analy-
ses for each modelling strategy were carried out on their most discriminating

pipelines.
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Table 4.1: Bootstrap-corrected model discrimination performance in terms of C-
index and associated 95% bootstrap confidence intervals (CI). The best-performing

pipeline for each modelling strategy is highlighted in bold.

Method (Pipeline) Model C-Index CI

MSK 0.727 (0.644, 0.813)

Cox 0.705 (0.631, 0.770)
Clinical Variables Only LASSO 0.708 (0.642, 0.760)

Boosted 0.707 (0.629, 0.771)

RSF 0.672 (0.606, 0.752)

Cox 0.779 (0.440, 0.862)
Clinical Variables and

LASSO 0.669 (0.586, 9.753)
Correlation Prefiltered

Boosted 0.819 (0.748, 0.871)
mRNA variables

RSF 0.743 (0.677, 0.795)

Cox 0.798 (0.710, 0.872)
Clinical Variables and

LASSO 0.819 (0.741, 0.892)
Univariate Cox Feature

Boosted 0.798 (0.729, 0.859)
Selected mRNA variables

RSF 0.767 (0.709, 0.826)
Clinical Variables and Cox 0.788 (0.685, 0.853)
Correlation Prefiltered and LASSO 0.687 (0.500, 0.840)
Cox Feature Selected Boosted 0.821 (0.748, 0.872)
mRNA variables RSF 0.849 (0.770, 0.930)

4.3.2 Calibration

The MSK nomogram reports on the probability of BCR-free survival at the
5-year horizon. All models were thus assessed for their calibration at 5 years

and for overall BCR-free survival. Fig shows calibration curves for the
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MSK nomogram. These indicate that the model performs adequately for
b-year survival, but severely underestimates the probability of overall BCR-
free survival. Fig illustrates how the most discriminating model pipelines
from the Discrimination section yielded similar 5-year calibration compared
to the MSK, except the Cox model, which yielded under-prediction and over-
prediction at lower and higher survival probabilities, respectively. For overall

survival, all models outperformed MSK with the Cox model having the best

calibration.
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Figure 4.1: Calibration curves from MSK nomogram. Calibration curves for BCR-
free survival estimation from the MSK nomogram at the 5-year horizon (left) and

overall (right) with 95% confidence intervals.

4.3.3 Predictive Performance

ROC and DCA were carried out for 3-year and 5-year survival. The 3-year
cut-off was chosen as it has been shown to be the time-frame with the highest
recurrence rate [41], while the 5-year horizon was chosen in keeping with the

current state-of-the-art cut-off [5]. ROC analysis output is shown in Fig
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Figure 4.2: Model calibration curves. Model calibration curves at the 5-year horizon

(left) and overall (right) BCR-free survival for the Cox, LASSO Cox, boosted Cox

and RSF models from top to bottom, respectively with 95% confidence intervals.
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and Table . The highest OOB prediction was achieved by RSF (AUC
= 0.812, CI = (0.702, 0.921)) at the 3-year horizon, and boosted Cox at
the 5-year horizon (AUC = 0.786, CI = (0.672, 0.899)). Using the DeLong
test for comparing AUC, there was no statistically significant difference in
the methods at the 3- or 5-year horizon. DCA output, shown in Fig [4.3]
indicated that only the RSF model showed a continuous net benefit across
all threshold probabilities for both the 3- and 5-year horizons. Although
all models improved upon the “Treat All” method, no other methodologies
showed benefit between the thresholds of 30% and 45% at 3 years. At 5 years,
the LASSO Cox model retained some net benefit across most thresholds but
was below that of the RSF model.

Table 4.2: OOB predictive performance in terms of AUC and associated 95% boot-
strap confidence intervals (CI). 3-year and 5-year endpoints for the best-performing

pipeline for each modelling strategy.

Endpoint Model AUC CI
Cox 0.804 (0.700, 0.907)
LASSO 0.789 (0.684, 0.895)
3-Years
Boosted 0.794 (0.684, 0.905)
RSF 0.812 (0.702, 0.921)
Cox 0.781 (0.668, 0.894)
LASSO 0.782 (0.669, 0.895)
5-Years
Boosted 0.786 (0.672, 0.899)
( )

RSF 0.779 0.660, 0.899
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Figure 4.3: ROC and DCA. Model ROCs at the 3-year (A) and 5-year (B) BCR-free
survival horizons for the models highlighted in bold in Table Model DCAs at
the 3-year (C) and 5-year (D) BCR-free survival horizons for the models highlighted
in bold in Table @

4.3.4 Model Stability and Feature Selection

Stability of variable selection was assessed for all models that included mRNA

variables. Table summarises the most frequently selected variables for the
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top performing models. Overall, PSA level was the only variable consistently
picked by all models, but some of the mRNA candidates were also selected
frequently. Boosted Cox models yielded the highest selection rates for mRNA
features, i.e. the most stable pipeline. The otherwise relatively low selection
rates may indicate possible information overlap or similarities in interactions

between different groupings of mRNA features.

Table 4.3: In-bag variable selection rates (%) of the top 10 most frequently selected
variables in the models highlighted in Table Variables explicitly linked to

genetic information found in at least 3 of these 4 lists are highlighted in bold.

Cox LASSO Boosted RSF
PSA 70 PSA 57 ESM1 75 PSA 97
Clinical stage 35 ESM1 46 DNAHS8 54 Gleason sum 83
Gleason sum 34 DNAHS8 40 PSA 49 Clinical stage 62
DNAHS8 28 PI15 36 ABCC11 47 DNAHS8 45
ABCC11 24 Clinical stage 32 CD38 37 DUSP18 38
ESM1 18 ABCC11 31 EFCAB4B 35 ARMC4 32
PI15 18 Gleason sum 22 FZD5 31 NEU3 32
SOCS2 12 XBP1 22 ZHX3 29 GRMS8 31
Ethnicity 11 PLA2R1 17 FAP 28 EROI1LB 29
HELB 11 SPAG1 16 SLC16A14 27 FAM122C 29

The RSF model consistently selected PSA (97%), aggregate biopsy Glea-
son score (83%) and clinical stage (62%) along with mRNA variables including
DNAHS, which was also highly selected in the other top modelling approaches.
The predictive ability of DNAHS in PCa has been observed previously for as-
sessing poor prognosis [42].

mRNA variables which occurred most frequently across the top models
also included ESM1 and ABCC11. Although it has not been seen to predict for
PCa survival previously, ABCC11 has shown predictive ability in recurrence

of colorectal cancer [43]. Increased levels of ESM1 were previously linked
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to progression and development of metastasis [44]. Another mRNA variable
selected in both the LASSO and Cox approaches was PI15 which has been
identified as a biomarker for discrimination of metastatic progression [45].

PSA remained in the majority of the mRNA-including models, with above
49% selection rate for all the top models. Though it is considered a routine
clinical variable as its testing is in the recommended guidelines |46], PSA is
a protein produced from mRNA translation and can be considered a genetic
biomarker itself [47]. Therefore, the most frequently used variables in our
models for prediction of BCR were all genetic-based biomarkers.

As this analysis was undertaken without prefiltering of the mRNA vari-
ables with prior clinical knowledge of their association with BCR-Free survival
or PCa, post-hoc analysis was undertaken to inspect the most frequently se-
lected variables. Fig highlights the mRNA variables in the top ten most
frequently selected variables in the most discriminative models. None of the
mRNA variables meet the commonly implemented criteria for the determina-
tion of differentially expressed genes (DEG), with respect to a fold change >
2 and adjusted p-value < 0.05 [48]. PI15 was the only variable with an ab-
solute fold change greater than 2 and only three of the top selected variables
(CD38, FZD5 and HELB) had an adjusted p-value less than 0.05. In order
to investigate the potential clinical significance of the selected variables, they
were tested for association with clinical variables; namely, aggregate biopsy
Gleason score and clinical stage via one-way ANOVA. FAP, GRMS8, ESMI1,
PLA2R1, EFCAN4B, FZD5, PI15, and CD38 where all statistically signifi-
cant in biopsy Gleason score (adjusted p-value < 0.05). None of the mRNA

variables where statistically significant in clinical stage.
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Figure 4.4: Volcano plot for BCR-Free survival-related differentially expressed genes
(dashed lines indicating fold change > 2 and adjusted p-value < 0.05).

4.4 Discussion

Although none of the ML models outperformed the MSK nomogram when
using only pre-operative clinical variables, all yielded significant performance
improvement when including mRNA variables compared to their baseline clin-

ical counterpart and the MSK model. The RSF yielding best discriminatory
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performance overall with good calibration as well as showing a continuous net
benefit across all threshold probabilities. This demonstrates the potential of
genetic information for prediction of BCR pre-operatively and is one of our key
findings. The ability of the RSF to capture nonlinear associations and com-
plex interactions may explain some of the observed gain in performance over
Cox-based models. The models where also compared to the post-operative
models from our previous study [9], and it was found that the best performing
model pipelines which included both clinical and mRNA variables also yielded
significant performance improvement over the post-operative MSK nomogram
and post-operative models using only clinical variables (p < 0.001). The best
performing pre-operative RSF model was comparable in predictive perfor-
mance to its post-operative counterpart as well as the post-operative boosted
Cox model (p > 0.05) and showed statistically significant improvement over
the best performing post-operative Cox and LASSO models (p < 0.001).

To the best of our knowledge, this study is the first to propose mRNA-
based models for time-to-BCR, prediction that are applicable pre-operatively.
Incorporating mRNA measurements in pre-operative assessment would re-
quire an extraction from tumour-biopsy samples. As these samples are al-
ready required for routine clinical diagnosis the additional workload would
relate solely to the mRNA analysis which has become more cost-reasonable
and feasible in recent years. Another alternative would be to use a liquid-
biopsy analysis of the blood-based measurements of these mRNA variables.
This would however require substantial additional research into whether these
variables are present in blood and if their levels are relatable to those in a
tumour sample. ML methodologies are needed to leverage the predictive ca-
pabilities of mRNA data and thus a shift is needed from conventional nomo-

grams. Improving their interpretability will be key in enabling clinical inte-
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gration of such alternatives.

DNAHS, ABCC11 and ESM1 were among the list of mRNA variables with
an important contribution to at least some of the models considered. These
biomarkers were found in other studies to have a role in various forms of risk
characterisation for prostate cancer and/or other diseases. DNAHS and ESM1
both had selection rate > 50% boosted Cox and RSF best-performing mRNA-
inclusive pipelines in post-operative setting while ABCC11 had selection rate
> 35%. As the methodological approach implemented in this study did not
undertake feature selection based on DEG investigation or association with
clinical variables it was possible for previously uninvestigated variables to be
selected and thus potentially new biomarkers for BCR-free survival prediction
to be found. Though DNAHS8 and ESM1 have previously been associated with
prostate cancer they were not found to be BCR-free survival related DEGs
in the post-hoc analysis and only ESM1 was found to be associated with a
clinical variable (biopsy Gleason score). ABCCI11 has not previously been
found to have an association with prostate cancer and was also not a BCR-
free survival related DEG, nor was in associated with the clinical variable in
post-hoc analysis.

We aimed at assessing the potential for pre-operative BCR prediction,
building upon the assumption that mRNA data used in the models is unlikely
to have changed significantly between diagnosis and RP time-points, as was
observed in several studies on both PCa or other cancers [11-13]. An aspect
that may have the potential to alter the mRNA expressions is neoadjunctive
therapy. Of the 135 patients with mRNA information, five received neoad-
junctive hormone therapy; however, on investigation, their mRNA expression
for the variables most frequently selected by the models appeared in line with

those of other patients (Fig [4.5]). Validation of the findings on mRNA data
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acquired pre-operatively will be further explored in follow-on work.

The cohort size used in this study is relatively modest and comes from a
single centre. This limitation has the potential of bias which may reduce the
generalisability of the model to more diverse datasets however it also alleviates
other challenges typically found in multi-centre datasets, such as heterogeneity
in demographic representation and discrepancies in clinical protocols that are
not unusual in cohort sizes commonly available for this kind of study. External
validation of the findings on a larger multi-centre dataset or multiple single-
centred datasets including more varied populations will be key for future
development and general clinical application. Specifically, making the findings

more generalisable.

4.5 Conclusion

This work demonstrated the potential of mRNA information (including in
particular DNAH8, ABCC11, ESM1 and PI15) for improved pre-operative
prediction of time-to-BCR in PCa, and is, to the best of our knowledge, the
first to propose such models. Benchmarking of a number of machine learning
methodologies that allow modelling of censored patient follow-up information
indicated that RSF and boosted Cox models, in particular, were suitable can-
didates for the design of dedicated nomograms for this task. These implemen-
tations allowed leveraging relevant mRNA variables blindly from a large pool
of features, without the reliance on previous findings about specific genetic
biomarkers of interest. The pipelines that were implemented yielded promis-
ing performance on a relatively small cohort, in terms of model discrimination,
calibration, and predictive performance of overall survival as well as 3- and

5-year survival, which are common current clinical endpoints. Following val-
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Figure 4.5: Normalised transcript expression levels. Normalised transcript expres-
sion levels for the most frequently selected mRNA variables (arranged with respect
to increasing median value). Each line represents an individual patient’s expression
with the patients receiving no neoadjunctive therapy in grey, and those who receive
neoadjunctive hormone therapy in black. There is no evident departure from the

grey pattern observed in the neoadjuvant hormone therapy signatures.

idation of these findings these models could be implemented into a clinical
setting using biopsy samples or potentially liquid-biopsy with the appropriate

regulatory requirements.
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CHAPTER 5

Discussion & Conclusion

This chapter provides a brief recapitulative summary of the overall research
aims and contributions of this thesis. This is followed by a discussion on the
nature and limitations of the work carried out in each of the three papers
(i.e., Chapters 2, 3 and 4). We then provide an overview of further research
carried out by the group at the periphery of these three chapters, and identify
directions of future work. The chapter closes with an overall conclusion for

this thesis.

5.1 Research Aims & Contributions

As outlined in the introduction of this thesis, our overarching goal was to
determine the potential of machine learning methods for survival analysis in
prostate cancer when mRNA variables are included, with the following specific

alms.

1. Identify appropriate machine learning methods for survival analysis with
the potential for improved performance compared to traditional statis-

tical methods.

2. Determine whether the inclusion of mRNA expression information can
improve predictive performance of biochemical recurrence in the post-

operative setting.

147
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3. Determine whether the inclusion of mRNA expression information has
the potential to improve predictive performance of biochemical recur-

rence in the pre-operative setting.

The research aimed to contribute to the improvement of clinical decision-
making in prostate cancer prognosis with timely precision medicine, as well
as providing a concise and complete summary of the use of machine learn-
ing methods for survival analysis in cancer, their performance, and common
pitfalls.

Chapter 2 presented a systematic review of the literature focused on ad-
dressing the first research aim, to identify machine learning methods used
commonly for survival analysis in cancer studies and, from this, garner insight
as to whether machine learning yielded the ability to outperform traditional
models. A second objective of this review was to identify which methods, if
any, showed superior performance. Despite the lack of consistency in reports
across all studies reviewed, it was found that machine learning methods could
outperform the Cox proportional hazard model in most cancer types, although
with varied predictive performance. A sub-analysis of eleven studies which
reported on prostate cancer yielded mixed findings (the CPH either outper-
formed or compared to ML methods in two of these papers (both SVM), but
ML models outperformed CPH for all other comparisons). This low number of
publications prevented further conclusions on the use of ML for survival anal-
ysis in PCa. The ML models in our own analyses were ultimately selected for
their prevalence in the literature, their performance in previous studies, and
the possibility to evaluate and interpret variable contribution in these models.
They also all allow modelling of censored patient follow-up information.

The analysis of post-operative BCR prediction models in Chapter 3 was

focused on addressing the second research aim while also considering the
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first. The ML models considered (LASSO Cox, Boosted Cox and RSF) were
compared to the CPH model and a state-of-the-art nomogram, the MSKCC
model. This study demonstrated that the inclusion of mRNA variables in-
creased predictive performance, with respect to the C-index, compared to
models using only clinical variables, although the level of improved perfor-
mance varied across modelling types. Two mRNA variables in particular,
namely Dynein axonemal heavy chain 8 (DNAHS8) and Endothelial Cell Spe-
cific Molecule 1 (ESM1), appeared consistently across the different models.
Both of these have been noted in other reports for their association with
prostate cancer. In our benchmark, CPH and RSF models using only clinical
variables outperformed the reference MSKCC nomogram in terms of model
discrimination and calibration. While the traditional CPH model with pre-
filtered mRNA variables demonstrated the best discrimination performance,
its poorer calibration at specific endpoints and overall calibration may be sug-
gestive overfitting to some of the sub-cohorts. Conversely, the best-performing
RSF-based pipeline outperformed other modelling strategies with respect to
discrimination and calibration for 2-year, 5-year, overall BCR-free survival
prediction, and AUC at both 2-year and 5-year horizons. RSF also gave rise
to the most consistent net benefit at these time-points in the decision curve
analysis. Not all mRNA-inclusive pipelines yielded an increase in the predic-
tive performance over their clinical-only counterpart. These results demon-
strated that the model-building process is non-trivial and that not all ML
pipelines can improve on traditional methods.

The analysis of Chapter 4 focused to pre-operative BCR prediction mod-
els, addressing the third research aim while again considering the first. This

work demonstrated the potential of mRNA information (including in particu-

lar DNAH8, ABCC11, ESM1 and PI15) for improved pre-operative prediction
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of time-to-BCR in PCa and is, to the best of our knowledge, the first publi-
cation to propose such pre-operative transcriptomics models. This approach
relies upon the assumption that the mRNA information used in the models
is unlikely to have changed significantly between biopsy and RP time-points.
Our benchmark indicated that RSF and boosted Cox models, in particular,
were suitable candidates for the design of dedicated nomograms for this task.
RSF yielded the best discriminatory performance overall with good calibra-
tion, a continuous net benefit across all threshold probabilities, and a more
stable selection of features. The implemented pipelines showed promising
performance on a relatively small cohort in terms of model discrimination,
calibration, and predictive performance of overall survival as well as 3- and
5-year survival, which are all common current clinical endpoints. Following
validation of these findings, these models could be implemented into a clinical

setting using biopsy samples.

5.2 Discussion

5.2.1 Systematic Review

The systematic review in Chapter 2 showed that although there was a lack
of consistency in reporting and in study designs, machine learning methods
could outperform the Cox proportional hazard model in most cancer types.
However, in the specific analysis of prostate cancer studies, comparable studies
found contradicting results. Thus, the question of the viability of machine
learning methods for survival analysis in prostate cancer remains open.
Undertaking a systematic review of the application of machine learning for
survival analysis in cancer contributes to the field beyond its initially outlined

aims. First, given the broad scope of this study and a particular surge in the
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topic in the last few years, the review provides a structured and comprehensive
understanding of the current uses and impact of ML-based survival analysis
in cancer. This is particularly novel in statistics, where systematic reviews
are not commonly conducted.

A systematic review differs significantly from a traditional literature re-
view’s approach, rigour, and outcomes. While a literature review typically of-
fers a broad overview of existing research on a topic, summarising and synthe-
sising findings based on the author’s selection of sources, a systematic review
follows a predefined, transparent methodology designed to minimise bias and
provide a comprehensive and objective synthesis of all relevant studies. This
involves meticulously defining inclusion and exclusion criteria, systematically
searching multiple databases, and critically appraising each study for quality
and relevance. The benefits of a systematic review include greater reliability
and reproducibility of findings, as it aims to provide a clear, evidence-based
summary that can inform practice and guide future research. However, the
systematic review process is more time-consuming and requires multiple re-
viewers, often making it less feasible for such topics with rapidly evolving
research.

As the electronic databases were searched on the 24th of February, 2023,
studies published after this date are not included. Additionally, its strict
methodology can potentially exclude relevant studies that do not meet pre-
defined criteria, again potentially overlooking emerging methods. Common
to systematic reviews is the opportunity to extend the work with timely up-
dates. Also, alternative search strategies, with changes to the search string
structure, can be considered in future reviews that could help to expand on
this and increase the scope of the findings.

This review is especially valuable because it identifies and addresses the
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significant discrepancies in methodologies, reporting practices, and findings
across the literature. These inconsistencies create challenges in comparing
studies and drawing reliable conclusions about the efficacy and applicability
of different machine learning techniques. By highlighting these discrepancies,
the systematic review underscores the need for improved reporting standards
and advocates for more rigorous and standardised comparative studies. This
can drive future research toward more consistent and reliable outcomes, ulti-
mately advancing the field. Unlike in randomised control trials, conducting
a study on modelling methods is not as rigorously controlled, and until re-
cently, there were no specific guidelines to follow. The ChAMAI checklist,
developed in 2020, is a hugely beneficial tool not only for conducting quality
reviews of machine learning methods in a medical setting but can also be
used by researchers to ensure that their research is rigorous, well-reported
and reproducible. However, as with all checklists, it cannot cover all aspects
that should be considered. For example, although a model’s stability could be
regarded as an essential requirement for clinical usability, it is not a criterion
on the checklist.

Moreover, in line with the study’s primary aim, the systematic review
showed that machine learning methods have the potential to outperform con-
ventional statistical methods by analysing the small sub-cohort of studies that
could be directly compared to one another despite broader discrepancies in
the literature. This comparative analysis provides valuable insights into which
machine learning approaches might be more effective in survival analysis for
cancer, offering a foundation for future research and application. However,
these findings must be considered in a broader context and are subject to po-
tential bias. Though deep learning and multi-task models were found to have

superior performance, conducting a formal meta-analysis to determine if the
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perceived improvement was statistically significant across the studies was not
possible. Thus, its output can be considered an exploratory analysis rather
than definitive results. In summary, this systematic review is a crucial step
toward consolidating knowledge, improving research practices, and guiding
future work in the context of machine learning for survival analysis in cancer,

but the question of best-performing methods remains undetermined.

5.2.2 Post-operative Prediction

The study of Chapter 3 showed that the ML methodologies considered can
facilitate improved predictive performance post-prostatectomy for PCa pa-
tients, over current clinical nomograms. One of the primary strengths of the
post-operative model is its potential for integration into routine clinical prac-
tice with relative ease. Since histological examination of surgically removed
tumour samples is already routine, incorporating mRNA assays could be a
feasible enhancement to clinical workflows. However, the feasibility of this
addition is contingent on the balance between patient benefit and monetary
and time costs. Although the cost of mRNA assaying has decreased over
time, a thorough cost-benefit analysis is necessary to determine if it can be
implemented routinely in clinical settings without overburdening healthcare
resources. The increased net benefit shown in the decision curve analysis gives
an insight into the clinical benefit to patients, however further assessment of
the clinical relevance, following external validation would be necessary prior
to implementation.

There are also notable opportunities for improving future research into the
model-building pipelines. The study utilised correlation and univariate Cox
proportional hazards models for pre-filtering and feature selection, which are

widely recognised in the literature. However, alternative approaches could
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offer improved performance. For instance, clustering or principal component
analysis (PCA) could be employed for dimensionality reduction, potentially
improving model performance by capturing more complex interactions be-
tween variables. The study opted not to use Principal Component Analy-
sis (PCA) due to the loss in interpretability induced by the introduction of
composite variables in the modelling. This could hinder the acceptance and
implementation of the model in a clinical setting, where a clear understand-
ing and communication of risk factors are essential. The decision to prioritise
interpretability is motivated by the end goal but has the potential to limit
the model’s predictive power. Another consideration for future work in this
area is the use of transformation for the clinical variables that are non-linear.
PSA for instance is known to vary non-linearly with hazard and so in state-of-
the-art models such as the MSKCC nomogram splines were used to adjust for
this. There is thus potential for this or other transformations to improve the
utility of PSA in a traditional clinical model and improve its predictive ability.
Due to the nature of the follow-up occurring at regular intervals i.e. 3, 6, 12
months, there is potential for bias due to the true, unmeasured time-to-BCR
being shorter than the recorded time. As the PSA measurement required
for BCR evaluation requires a blood test it would likely not be feasible in a
clinical setting to increase the frequency of testing both from a financial and
patient welfare perspective. With regard to the need for external validation
it is also noted that due to the relatively small sample size not all possible
patient profiles are contained in the training data and though resampling
techniques have need implemented to mitigate this to a point, a larger, more
diverse sample will provide better evaluation of the entire patient population
and thus more accurate evaluation of prediction performance.

Furthermore, another important consideration is that not all patients in
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the original study had mRNA analysis. As described, by the authors [2] this
was due to tumour size, i.e. some of the tumours were too small to allow
for all four analyses in their study (array comparative genomic hybridization,
mRNA, microRNA and sequencing) to be undertaken. Thus, patients with
smaller tumour sizes may not be well represented in the model. A compar-
ison of the distribution of the clinical variables was considered to determine
potential bias in the missingness. The Mann-Whitney U test (Table A in
appendix) was used for continuous variables, and x? or Fisher’s Exact Test,
as appropriate, were used for categorical variables (Table B in appendix). As
can be seen in Table B, only two of the variables, clinical and pathological
stage, showed a statistically significant association with mRNA analysis. As
the staging variables represent the size of the tumour this may seem to in-
tuitively indicate a bias present based on the tumour size, as described by
the original authors, i.e. patients with smaller tumours (or lower stage) are
less likely to have had mRNA analysis. However, the distribution indicates
that those without mRNA analysis where more likely to have a higher stage
(larger tumour) which is not in keeping with the expected results. This may
potentially indicate that other factors affected the decision of the authors to
analyse the mRNA of some patients. This could imply some selection bias in
the models produced in this work, again emphasising the need for external
validation.

Lastly, there remains a need for external validation, particularly given the
single-centre nature of the original dataset. External validation is necessary
for the generalisability of the findings, as the model may perform differently
in varied clinical settings or populations. Multi-centre studies and external
datasets are necessary to ensure the robustness and applicability of the pre-

dictive model across diverse patient groups. However, it is worth noting that
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the use of a single-centred study mitigates potential issues, such as differences
in clinical practice influencing the results. Also, as mRNA assaying methods
can vary, the combination of multiple datasets for the initial generation of the
models would require that all use the same techniques and include the same

variables or the study’s findings would be further limited.

5.2.3 Pre-operative Prediction

Although the consideration of the time-point of evaluation is not novel, as ev-
idenced by studies from Kattan and colleagues published in the late nineties
and early two-thousands, it is not so common in the literature, despite its
importance for clinical application. The post-operative approach considered
in Chapter 3 provides a promising predictive methodology for patients who
must undergo prostatectomy, with clear improvement over current clinical
nomograms. The pre-operative approach considered in Chapter 4 allows for
prediction before prostatectomy, which may ultimately provide timely infor-
mation for earlier decision-making in clinical settings. This aligns with the
clinical need for early and accurate individualised treatment of prostate can-
cer.

This study offers a significant contribution to the research field in that
sense and the potential to significantly impact the treatment decision-making
process. The ability to predict biochemical recurrence before surgery could
help identify patients who may not require radical prostatectomy, thereby
reducing the number of unnecessary surgeries. This could not only enhance
survival rates by optimising treatment strategies but also improve patients’
overall quality of life by minimising the risk of surgical complications and
preserving normal physiological functions.

One of the key strengths of this study, like the post-operative study, is its
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feasibility. Since biopsy is already a routine procedure in prostate cancer di-
agnosis, and histological assessments are commonly performed, incorporating
mRNA analysis at this stage is practical and could be integrated into existing
clinical workflows. However, the same cost-benefit analysis would be neces-
sary for its incorporation. The ability to apply such models pre-operatively
ensures that critical decisions are made earlier in the disease course, poten-
tially leading to more effective and targeted therapies; thus, the cost-benefit
may be more effective at this time-point than in the post-operative setting.
Again, the DCA gives an insight into the clinical benefit of the models but
further validation would be required prior to implementation.

Of note, any pre-operative prediction model for BCR following prostate-
ctomy may only be trained on patients who actually underwent RP, and is
thus subject to survivorship bias as such models are inherently blind to pa-
tients who, though eligible for RP, do not undergo surgical intervention for
one reason or another (reason which may associate with the level of risk for
such patients). This is true not only for the models produced in this study
but for current state-of-the-art methods as well. This thus limits the use
of the pre-operative model to such patients and would be inappropriate for
treatment decision-making in other cohorts for whom prostatectomy is not
being considered. Additionally, such models are inherently blind to patients,
though eligible for RP, do not undergo surgical intervention for one reason or
another in model building.

However, the conclusions of this study rest on the critical assumption that
mRNA expression levels in trans-operatively acquired tumour tissue samples
are representative of those in pre-operative biopsy samples. Since mRNA data
from biopsy samples were unavailable for the cohort studied, this assumption

could not be directly validated, posing a limitation. Although post-hoc anal-
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ysis suggested that mRNA expression in patients who received neoadjuvant
treatment was comparable to those who did not, this observation can only
suggest, rather than conclusively prove, that mRNA expression is unaffected
by the treatment. Moreover, even if statistical comparisons indicated similar-
ities within this subset, it would not definitively confirm that pre-operative
mRNA expression levels are consistent with post-operative ones across all pa-
tients. Consideration should also be given to the possible evolution of the
tumour between the time of biopsy and the time of surgical intervention. The
longer this period is, the greater a significant difference in the mRNA expres-
sion is likely to be. This was not possible to evaluate with the dataset used
and thus consolidates the need for further investigation. Validation of the
results of the pre-operative model with mRNA data acquired pre-operatively
is necessary. Therefore, while the study provides promising results, further
research is necessary to validate the assumption underpinning its predictive

model to ensure its reliability and generalisability in clinical practice.

5.3 Further & Future Research

To inform this future work, some preliminary research undertaken during
this PhD is described here, which has not been published in any previously

discussed work.

5.3.1 Pre-operative Genetic Biomarkers

Incorporating mRNA measurements in pre-operative assessment would re-
quire an extraction from tumour-biopsy samples. This research group ex-
plored opportunities to access data of this type for this purpose during this
PhD project. Unfortunately, biopsy mRNA data from most prostate cancer



Chapter 5. Discussion & Conclusion 159

studies tend to be held in privately owned databases, and our efforts thus far
have not been successful. As such, validation on pre-operative mRNA data
remains a direction of future work.

As mentioned in the previous section, tumour-biopsy samples are already
required for routine clinical diagnosis. Thus, the additional workload would
relate solely to the mRNA assay, which has become more cost-reasonable
and feasible in recent years. However, another alternative would be to use
a liquid-biopsy analysis of the blood-based measurements of these mRNA
variables. This would, however, require substantial additional research into
whether these variables are present in the blood and if their levels are relatable
to those in a tumour sample.

During this PhD project, research was undertaken into the feasibility of
the liquid-biopsy dataﬂ acquired from a collaboration with University Col-
lege Dublin. This Irish cohort consisted of 271 patients with both clinical
variables (including biopsy Gleason Score, DRE and PSA) and six serum
biomarkers (CD14, IGFBP3, APOAII, GC Globulin, ZAG and PEDF). In an
effort to predict BCR-free survival, a number of modelling frameworks simi-
lar to those used in Chapters 3 and 4 were implemented, with the additional
inclusion of two other regularisation techniques (namely, ridge and elastic net
penalisations of the CPH model). RSF was found to be comparable to CPH
at baseline (p-value = 0.5964), while all other models showed statistically

significant improvement (p-values < 0.001). Models with biomarkers alone

!The cohort was collected with funding from the Irish Cancer Society (PCI11WAT)
for the Prostate Cancer Research Consortium biocollection and biomarkers measured with
funding of Science Foundation Ireland (SFI) under Grant Number 15/IA/3104. Ethical
approval for sample collection and processing were from the IRB at the Mater Misericordiae
University Hospital (1/378/660) and samples analysis by University College Dublin ethics
committee (LS-E-11-39).
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were not able to improve on models using only clinical variables. Models with
clinical variables and the PEDF biomarker performed better than when all six
biomarkers were included, in keeping with previous findings by Moghaddam
et al. [1]. Ridge and boosted Cox models showed the best performance when
biomarkers were included. These findings again led to the conclusion that
machine learning models leveraging genetic information have the potential to

improve on traditional CPH methods, this time in a low-dimensional setting.

5.3.2 Dimensionality Reduction

High dimensionality in the mRNA expression environment is one of the main
reasons for the consideration of ML in prognostic modelling. Consideration of
alternative dimensionality-reduction techniques, such as principal component
analysis (PCA) prior to the implementation of a traditional statistical CPH
model, could alleviate limitations relating to data size without the need for ML
to model survival. As mentioned in the previous section, such dimensionality
reduction techniques were not implemented in this work as a choice based on
their lack of transparency, which renders their implementation in a clinical
setting very challenging. Another way to reduce the number of features being
considered could be to include features previously found to be associated with
poor prognosis or known to be involved in the cancer tumour progression
process. This type of hand-selection has several potential issues, particularly
concerning selection bias, but particularly limits the possibility of finding
novel biomarkers.

During this PhD project, research was undertaken to explore the poten-
tial benefit of mRNA variables deemed independently to be predictors of poor
prognosis of prostate cancer in a multivariate context. Twenty mRNA vari-

ables were investigated based on a literature review of seventeen studies of
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a single genetic attribute for its prognostic potential, along with the three
variables found by Taylor et al., 2010 in the original investigation of this
dataset [2]. There was a lack of consistency in the definition of 'poor prog-
nosis’ across these studies, with some not providing any definition. For the
purpose of consistency in evaluation, the definition of poor prognosis was con-
sidered as recurrence in the two years post-RP in this investigation. Thus,
logistic regression was used as the primary modelling approach. Models were
created using a 5-fold cross-validation framework. A clinical model was built
to distinguish a baseline analysis including PSA, clinical stage and biopsy
Gleason score.

A model that included each mRNA variable univariately added to this
clinical model was then produced to show their added benefit. A multivariable
model was built, including all mRNA variables with a correlation threshold
of 0.9 (to alleviate multiple collinearity issues). Finally, unsupervised PCA
was performed to account for the potential polygenicity, and another model
was built from these new scores. The clinical variable model produced 88%
test accuracy. The mRNA variables were then added individually; however,
none were found to improve model performance statistically significantly. The
multivariate model with all 20 variables had lower cross-validated accuracy
than the clinical model (0.79 vs. 0.88, respectively). A model with clinical
variables and the first three principal components yielded 92% test accuracy.
It was clear from this research that the inclusion of genetic attributes such
as mRNA variables can improve the prediction of poor prognosis prostate
cancer when compared to clinical variables alone. However, the consideration
of single variables in isolation does not add benefit to predictive capabilities.
Multivariable models can improve on this, but collinearity may dampen the

effects, thus showing the benefit of PCA. PCA has been shown here to help
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to negate this and has been shown to have the highest test accuracy. The
success of this approach also indicates the polygenicity of prostate cancer, thus
compounding the inaccuracy of single gene investigation or the off-hand use

of pre-determined 'poor prognosis’ predictors without proper investigation.

5.3.3 Beyond Biochemical Recurrence

A final element for future consideration revolves around the concept that a
single endpoint such as BCR-free survival may not be the most appropriate,
or at least not the only outcome of interest. The win-ratio |3], initially devel-
oped by Pocock et al. in 2012, is a valuable metric in the context of clinical
trials, especially when multiple endpoints of interest can be hierarchically ar-
ranged to assess overall effect of the treatment. Clinical trials often involve
the evaluation of diverse endpoints, such as survival rates, disease progression,
and treatment response, each representing distinct facets of a treatment’s ef-
ficacy. By calculating the win-ratio, researchers can systematically weight the
relative importance of these endpoints, effectively capturing the comprehen-
sive impact of a drug on patient outcomes. This approach enables a nuanced
evaluation that aligns with the hierarchical structure of endpoints, ensuring
that the primary objective, typically a critical clinical endpoint like overall
survival, retains its prominence while still acknowledging the relevance of sec-
ondary endpoints. In doing so, the win-ratio approach provides a holistic per-
spective on the treatment’s performance, aiding in informed decision-making
and enhancing the interpretability of clinical trial results.

Current applications of the win-ratio in the literature are somewhat lim-
ited, as this is still a relatively novel method in clinical trial design. The
results of a Cochrane Library search for win-ratio in randomised controlled

trials (RCT) showed that of a total of 33 studies deemed eligible for inclusion,
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25 were in a cardiovascular disease setting, five of which stemmed from one
larger trial (EMPULSE trial). As the cardiovascular setting was the origi-
nal application of the win-ratio, it was expected to predominate. Six studies
investigated COVID-19, and the remaining two trials focused on stroke and
kidney transplants, respectively. Of interest is the lack of studies in a cancer
setting, as the types of endpoints of interest in cancer trials are well suited to
the win-ratio methodology. During this PhD project, work was undertaken
to create an R package for sample size and power calculation for win-ratio
analyses. The developed WRestimates package provides easy-to-use func-
tions that can be used in the required sample size determination and power of
studies implementing the win-ratio. These allow for the calculation of sample
size and power based on estimands, negating the need for complex simulation-
based methods, which require many assumptions to be made of the data, thus
enabling use of the win-ratio in a wider range of studies in the future. Also,
during this PhD project, the authors of several recent clinical trials in prostate
cancer were contacted to request access to their data for evaluation of the po-
tential of the win-ratio in their assessment, but no response was received.

Thus, further investigation is yet to be carried out.

5.4 Conclusion

This thesis demonstrates that integrating mRNA expression data through the
application of machine learning methods for survival analysis improves the
prediction of biochemical recurrence (BCR) in prostate cancer. The system-
atic review underscored the potential of machine learning in survival analysis,
highlighting the need for further validation and consistency across studies.

Both post-operative and pre-operative analyses showed enhanced prediction
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accuracy using mRNA variables and machine learning, which could lead to
more personalised and timely treatment decisions. Future research should
focus on external validation, alternative dimensionality reduction techniques,
and developing more interpretable models. Overall, this work advances the
use of machine learning in prostate cancer prognosis and outlines critical areas

for further investigation.
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APPENDIX A

Table A: Comparison of the distribution of continuous clinical variables between

patients with and without mRNA analysis.

Variable Mann-Whitney U p-value
PSA 3206 0.359
Age 3356 0.642
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Table B: Comparison of the distribution of categorical clinical variables between

patients with and without mRNA analysis. The total number of patients without

mRNA analysis = 52, total number of patients with mRNA analysis = 135.

x? Test/ Fisher’s Exact

Variable # No mRNA (%) # mRNA (%)
Test p-value
Biopsy Gleason Grade 0.372
6 25 (48.1%) 6 (56.3%)
7 18 (34.6%) 6 (34.1%)
8 7 (13.5%) 8 (5.9%)
9 2 (3.8%) 5 (3.7%)
Clinical Stage 0.004
1 19 (36.5%) 77 (57.0%)
2 25 (48.1%) 53 (39.3%)
3 8 (15.4%) 5 (3.7%)
Pathological Gleason Grade 0.276
6 2 (23.1%) 40 (29.6%)
7 7 (51.9%) 76 (56.3%)
8 6 (11.5%) 1 (8.1%)
9 7 (13.5%) 8 (5.9%)
Pathological Stage 0.004
2 23 (44.2%) 85 (63.0%)
3 19 (36.5%) 43 (31.9%)
4 10 (19.2%) 7 (5.2%)
Surgical Marginal Status (SMS) 0.143
Negative 34 (65.4%) 103 (76.3%)
Positive 18 (34.6%) 32 (23.7%)
Extracapsular Extension (ECE) 0.274
Absent 11 (21.2%) 1 (30.4%)
Present 41 (78.8%) 94 (69.6%)
Seminal Vesicle Invasion (SVI) 0.077
Negative 39 (75.0%) 117 (86.7%)
Positive 13 (25.0%) 8 (13.3%)
Lymph Node Involvement (LNI) 0.081
Abnormal 9 (17.3%) 10 (7.4%)
Normal 38 (73.1%) 102 (75.6%)
Not Assessed 5 (9.6%) 23 (17.0%)




