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Introduction

This PhD thesis has been motivated by a study aiming to identify immune responses correlated
with protection from malaria that were elicited by the malaria RTS,S vaccine! and by natural
immunity, so called Mal067. More specifically, this thesis has been motivated by the study
component focused on cellular immune responses that has been measured in a multiplex bead-
based array assay of 30 cytokines, chemokines and growth factors. Results of this study could

inform development of future malaria vaccines.

The process of creating an efficacious malaria vaccine is complex due to the characteristics
of the diseases that are directly related to the responsible parasite. In the disease-vaccine
interaction several aspects need to be taken into account to improve and understand the vaccine.
For that reason different types of data need to be analyzed. In this context, finding new ways
to predict the disease, model it and identify the most important markers associated with the

disease will improve the understanding and as a consequence, the efficacy of the vaccine.

Luminex® technology allows analyzing several proteins simultaneously. The combination of
the medium throughput dataset and the small sample size of some malaria studies may hinder
the use of classical statistical methods. In the context of low number of observations and medium
or high number of variables the support vector machines (SVM) models are a powerful tool to
analyze sparse data, i.e., data in which the number of predictors is larger or approximately equal
to the number of observations, especially when handling binary outcomes. However, biomedical
research often involves analysis of time-to-event outcomes. Therefore, further research is needed
to fully extend SVM to survival data with censored outcomes. Moreover, further work is needed
in the visualization and measurement of variable relevance when using SVM. The primary objec-
tive of this thesis has been to propose new SVM for survival data approaches by extending the
binary outcome approach to time-to-event, and proposing new methods to visualize and rank
the relevance of the predictors involved in these survival-SVM methods. Therefore, applying
these methods to the Mal067 data to help understanding the immune responses induced by the
RTS,S vaccine and by natural exposure to the parasite that are associated with malaria risk or

protection.

'RTS,3/AS01 (trade name Mosquirix) is a recombinant protein-based malaria vaccine. Approved for use by
European regulators in July 2015. The vaccine was conceived of and created by GlaxoSmithKline laboratories in
the late 1980s, being further developed through a collaboration between GSK and Walter Reed Army Institute

of Research.



2 Introduction

Terminology

This thesis is focused on SVM which is one of the main methods from the machine learning field.
The terminology used in machine learning sometimes is different than the one in the classical
statistical literature. The predictors or independent variables are called inputs in machine learn-
ing. The outputs are known as responses or dependent variables in classical statistical field. An
obervation in statistics (or case or subject) is referred as instance in machine learning theory.
Another distinction is done related to the prediction tasks: regression for quantitative re-
sponses and classification for qualitative ones. When dealing with binary classification problems:
the two groups of observations are classified as —1 and +1, and sometimes are referred to as
targets or classes. Finally, an interesting distinction must be clarified related to variable and

feature. This thesis follows the distinction made by Guyon and Elisseeff (2003):

“ We call variable the raw input variables and features variables constructed for the
input variables. We use without distinction the terms variable and feature when there
is no impact on the selection algorithms, e.g., when features resulting from a pre-
processing of input variables are explicitly computed. The distinction is necessary

in the case of kernel methods for which features are not explicitly computed.”

The terminology used along this thesis is mainly the classical statistical one. However, when
referring to the groups in which observations are classified the machine learning term class is

used.

Software

The software used to implement and analyze the real and simulated data along this thesis has
been the R software. This software has become the main software in biomedical research area.
Due to this, a brief overview, in specific chapters, on the implemented packages in the R software
is described. Besides that, several functions have been developed to implement all proposed SVM

methods and variable relevance algorithms.

Structure of the thesis

The thesis consists of 5 parts that in turn are subdivided into 14 chapters. The first part
reviews some general background and presents the main objectives of the thesis. In Chapter
1, we briefly review malaria and the multiplex bead array assay. Additionally, we describe
the Mal067 project and the importance of the naturally acquired immunity. In Chapter 2, we
review the main concepts related to survival data and time-to-event variables, specifically, the
non-parametric Kaplan-Meier estimator of survival probability and the semi-parametric Cox
proportional hazards model are described. Both chapters 1 and 2 are short introductions but
given their importance they have been structured into two independent chapters. Chapter 3
describes the main concepts related to SVM models that are used along the thesis. In Chapter
4, the state of the art for SVM dealing with censored data and the state of the art methodologies



for the identification of relevant variables are presented. Chapter 5 lays out the specific aims of
the thesis. In Part II, four survival-SVM methods are presented, in Chapter 6, and a simulation
study is performed comparing these methods under several scenarios in Chapter 7. Part 11, ends
in Chapter 8 with a discussion and the main points for future research. Part III, Chapter 9,
presents three alternative methods to deal with visualization and ranking of relevant variables.
To test the performance of the proposed methods a simulation study is conducted in Chapter
10, the discussion and future research are presented at the end of the same part, in Chapter 11.
In Part IV, data from the Mal67 study is analyzed, summarizing the importance of each antigen
in Chapter 12. In Chapter 13, a discussion and future research work related to the Mal067 study
are presented. Finally, this PhD thesis concludes in Part V, Chapter 14, summarizing the main

conclusions and findings of the SVM for survival analysis and relevance of predictor variables.
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General Background and Objectives






Chapter 1

Malaria and Quantification of

Cellular Immunity

In this chapter we present the main stages of malaria transmission from mosquitoes to humans
and the importance of a vaccine to prevent deaths associated to malaria (Section 1.1). In the
next, Section 1.2, we describe the cytokines and chemokines data in which the cellular component
of the Mal067 project is based. In the subsequent section, Section 1.3, the Mal067 study design
and the stimulations used to measure the concentration of the antigens are described. Finally,
Section 1.4 address the importance of the AMA1 stimulation in the Mal067 study and the

association to the naturally acquired immunity (NAI).

1.1 Malaria infection and vaccines

Malaria is an infection transmitted through the bites of infected female Anopheles mosquitoes.
When biting an infected person, a mosquito takes a small amount of blood containing the malaria
parasite. The parasite goes through some transformations and approximately one week later is
transmissible. Therefore, in next blood meal, the mosquito injects the saliva with the parasite
and transmits malaria to a new person. Plasmodium falciparum, one of the five types of malaria
parasites, causes the most severe malaria. It is estimated that during 2015 there were 214
million cases and 438,000 deaths attributable to malaria (WHO, 2015), mostly in sub-Sahara
African children, in whom P.falciparum is the predominant specie. Co-morbidities associated
with malaria include anaemia in children and pregnant women, low birth weight, premature
birth, and neurological diseases.

Figure 1.1 represents the life cycle of the malaria parasite once a person has been infected.
The parasite changes through the life stages and at each stage, presents numerous antigens to a
person. Briefly, the life cycle of the parasite goes through the following stages (Crawley et al.,
2010):

1. Malaria infection begins when an infected mosquito bite injects the parasite in the form

7
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10.

of a sporozoite® into the bloodstream.

. These sporozoites quickly invade the human liver.

The sporozoites multiply asexually in the liver cells over the next 7 to 10 days, so called

incubation period, causing no symptoms.

After the incubation period, the parasites, in the form of merozoites?, are released from the
liver cells in the blood circulation, packed in vesicles. The vesicles eventually disintegrate,

freeing the merozoites to enter the blood phase of their development.

. In the bloodstream, the merozoites invade red blood cells (erythrocytes) and multiply

again until the cells burst to then invade new erythrocytes. This cycle is called asexual
parasite cycle and is, repeated, causing fever each time parasites break free and invade red
blood cells.

Some of the merozoites in infected red blood cells leave asexual multiplication cycle and
develop into sexual forms of the parasite, called gametocytes, that circulate in the blood

stream.

During a bite, mosquitoes ingest the gametocytes, which further develop in the mosquito

into mature sex cells called gametes.

The fertilized female gametes develop into actively moving ookinetes that burrow through

the mosquito’s midgut wall and form oocysts® on the exterior surface.

Inside the oocyst, thousands of active sporozoites develop. The oocyst eventually bursts,

releasing sporozoites into the body cavity that travel to the mosquito’s salivary glands.

The cycle of human infection begins again when the mosquito bites another person.

There are several vaccines candidates each targeting a different stage of infection. The

RTS,S is a pre-erythrocytic vaccine and is the vaccine in the most advanced stage of clinical

development. A Phase III randomized multisite trial has been recently completed and vaccine

efficacy against clinical malaria within one year of follow-up is around 56% in 5 to 17 months
old children and around 31% in 6 to 12 weeks infants (RTS,S Clinical Trials Partnership, 2015).

The vaccine confers protection of limited duration: understanding the immunity conferred by

the vaccine may help to further develop the vaccine and improve the efficacy and the duration

of vaccine protection.

!The infectious and immature form of the malaria parasite.

2The form of the malaria parasite that invades human red blood cells.

3A parasite stage within the mosquito, produced by the union of male and female gametes.
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Figure 1.1: Life cycle of the malaria parasite representing the ten stages of infection. Repro-
duced from the The Lancet (2010) 375:1468-81.

1.2 Cytokines, chemokines and growth factors data

Cellular immunity? is complex and involves different cell types producing cytokines, chemokines
and growth factors as immune mediators®. These cell products can be quantified through mul-
tiplex bead arrays that are commonly carried out using the Luminex® platform. These assays
allows measuring several cytokines, chemokines and other immune cell products simultaneously
using small volumes of blood.

Generally, in these assays, sets of magnetic beads individually labeled for the analyte quan-
tified are coated with specific antibodies to capture the analytes of interest. The different sets of
beads, targeting each analyte of interest, are mixed with subject liquid samples (serum, plasma
or cells culture supernatant, for instance) in plastic plates that are often in the 96-well format.
In these plates, the beads are allowed to capture all existing analytes in the samples. A sec-
ond antibody is then added to the plate that binds to the analyte captured by the antibodies
adhered to the beads, making a sandwich with the analyte to be quantitated. This second an-
tibody is then conjugated with streptavidin R-phycoerithrin which gives the signal to quantify
the analyte. After several washing steps to remove fluorescent antibodies and analytes that
were not captured in the sandwich, the plate is analyzed by a reader endowed with two different
lasers. Heuristically, one laser bin recognizes the bead label through the color of the emitted

fluorescence, and the second laser bin quantitates the amount of analyte through the intensity

“Branch of the immune system which targets cells infected with microorganisms such as viruses, fungi, and

certain bacteria.
5 Antigens and analytes are terms used indistinctly to refer cytokines, chemokines and growth factors.
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of the emitted fluorescence when the light interacts with the fluorescent antibody (Figure 1.2).
The assay final raw output is the median fluorescence intensity (MFI) over all beads containing
the corresponding analyte that are captured by the reader. The individual MFT is transformed
through a standard curve in concentration. This standard curve represents the assay output
of a reference standard with known concentration. In each plate wells are included containing
increasing dilutions of the reference standard sample for each marker in the assay. With the
observed MFIs for this sample and the known concentrations, these wells are used to fit a func-
tion of the association between MFI and concentration through a sigmoidal curve. To calibrate
each subject’s response, the MFT of the subject is converted in analyte concentration using the

standard curve, and that is the measured outcome of the participant sample.

Ji Detection antibody
™,

TIarget anfigen

Capture antibody
Laser

N

Polystyrene
beads

Laser

Flow cell

Figure 1.2: Representation of the Luminex® multiplex bead-array technology.

After evaluation of different commercial kits (Moncunill et al., 2013), the Cytokine Human
Magnetic 30-Plex Panel from Life Technologies® was chosen to analyze the cellular component
of the Mal067 study. This assay includes the following cytokines, chemokines and growth factors:
epidermal growth factor (EGF), Eotaxin, fibroblast growth factor (FGF), granulocyte colony-
stimulating factor (G-CSF), granulocyte-macrophage colony-stimulating factor (GM-CSF), hep-
atocyte growth factor (HGF), interferon (IFN)-«, IFN-~, interleukin (IL)-1RA, IL-143, IL-2, IL-
2R, IL-4, IL-5, IL-6, IL-7, IL-8, IL-10, IL-12(p40/p70), IL-13, IL-15, IL-17, IFN-vy induced pro-
tein (IP-10), monocyte chemoattractant protein (MCP-1), monokine induced by IFN-y (MIG),
macrophage inflammatory protein (MIP)-1a, MIP-14, regulated on activation, normal T cell ex-
pressed and secreted (RANTES), tumor necrosis factor (TNF), and vascular endothelial growth
factor (VEGF). Some of these cytokines, chemokines and growth factors are expected to be

highly, medium and low correlated given the nature of the immune response.

1.3 Mal067 study

The study that has motivated the present PhD thesis is the Mal067 immune correlates of protec-
tion. The Mal067 study is nested within the Mal055 vaccine trial, a multicenter, double blind,
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Phase I1I, randomized controlled trial aiming to evaluate the efficacy, safety and immunogenicity
of the RTS,S malaria vaccine candidate. In Figure 1.3 there is a schematic representation of the
Mal067 study. The participants of the study were vaccinated with either RTS,S or a comparator
vaccine, i.e., rabies vaccine for the children (5-17 months old) or meningococcal C conjugate
vaccine for infants (6-12 weeks old), at four timepoints during the study’s follow-up time. In
this thesis, we have used information based on samples collected 30 days after the third dose of
the vaccine (M3). Moreover, we focus on samples collected from a subset of children who had a

sample available at M3, and were followed for up to one year after M3.

[screen) MO [MT [ M2[M3) M4 M20[MZ1 M32
R R R R
| 1 1 I J
| | Randomization R R R C
— B 1 Il } n l
I U T T I 1
RIR:RIC: C3C
[T 1 | 1
ccc C
Bereen) (M0 M1 ] M2 M3) M4 M20[M21 M3z
1 i ¥
8S BS ! BS | BS 8%
ANALYSES
LEGEND
R: Vaccination with RTS,S/ASO1E BS: Blood Sample
[= Vaccination with control vaccine M: Study Month

Figure 1.3: Schematic representation of sample collection and study subject follow-up in the

Mal055 study.

Each obtained sample’s participant was stimulated with different antigens to evaluate dif-
ferent components of the immune response. In this analysis, we focus on the stimulation using
the Apical Membrane Antigen 1 (AMA1) recombinant protein, resuspended in culture medium
with dimethyl sulfoxide (DMSO). The concentration of markers in supernatant of immune cells
of each sample after stimulation with the AMA1 antigen and with DMSO (a negative control)
were measured. Therefore, each participant has quantified levels of marker after AMA1 and
DMSO and the ratio AMA1/DMSO that is used to evaluate responses specific to AMA1 af-
ter “controlling” for non-specific responses. The data is highly skewed, and thus, logarithm

transformed.

All malaria cases detected 1-12 months post-vaccination (M3) that met the according to
protocol criteria were studied. Malaria cases were defined as subjects who sought care at a health
facility and had any P.falciparum asexual parasitaemia detected by blood smear. Investigators

conducted all assays blinded to vaccine status.
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1.4 Naturally acquired immunity

The importance of AMAT1 stimulation is related to what is known as naturally acquired im-
munity. Across sub-Saharan Africa where the disease is holoendemic, most people are almost
continuously infected by P.falciparum, and the majority of infected adults rarely experiment
overt disease. The levels of parasitemia would be lethal to malaria-naive visitor but for them
does not affect their daily routines. Studies have shown that anti-AMA1 antibodies tend to
be present in those who have acquired natural immunity to malaria (Courtin et al., 2009, Ud-
hayakumar et al., 2001). Moreover, repeated natural exposure to the malaria parasite often
leads to high titres® of IgG (the most common type of antibody) to AMAI.

During malaria infection, the innate immune system contributes by limiting growth of the
parasite (Stevenson and Riley, 2004, Inoue et al., 2013) and can influence development of adap-
tative immunity. The innate response involves a complex interplay between different cell types
that include antigen presenting cells, such as dendritic cells”, natural killer cells®, monocytes /-
macrophages”, natural killer T cells, and 76 T cells'C. If unregulated, this inflammatory response
can also contribute to the pathology that is associated with malaria infection (Stevenson et al.,
2011, Butler et al., 2013, Perez-Mazliah and Langhorne, 2015). It is generally accepted that
IFN-~, TNF and IL-10 antigens play a fundamental role in the response to the parasite and
control of clinical disease (Stanisic and Good, 2016).

The mechanisms of the RTS,S-induced protection and the reasons for the moderate efficacy
remain unclear. Identifying immune correlates of protection and understanding the NAI-RTS,S
interaction as some authors suggest (Sutherland et al., 2007, Wipasa and Riley, 2007, Doolan
et al., 2009) can help improve RTS,S and rationally design the next generation of malaria

vaccines.

SA titer is a way of expressing concentration and corresponds to the highest dilution factor that still yields a
positive reading.

"Are a heterogeneous cell type and are considered a link between innate and adaptative immune responses.
They can also enhance the function of other innate immune cells.

8Play an important role in the innate immune response against parasitized erythrocytes via interaction with
dendritic cells and secretion of cytokines.

9Small inflammatory molecules produced by these cell types may also contribute directly killing the parasite.

10Play an essential role in the clearance of the blood stage parasites in rodent models.



Chapter 2

Survival Analysis

This chapter presents the main concepts, functions, and models classically used in survival
analysis. Section 2.1 describes the basic functions in survival analysis and Section 2.2 introduces
the concept of censoring. Three of the most used parametric models for the time-to-event data
in the biomedical field are presented in Section 2.3. Section 2.4 reviews non-parametric Kaplan-

Meier estimator and semi-parametric Cox proportional hazards model.

2.1 Basic concepts in survival analysis

This section describes the basic aspects of univariate survival data. In survival analysis we con-
sider a random variable X, non-negative, usually representing the time for an event of interest,
be the subject death or the subject presenting with malaria. We have restricted to the case of
continuous X, since it is the most commonly used. All functions presented are defined over the
interval [0,00). The probability density function of X is denoted by fx. The distribution of a
random variable is completely and uniquely determined by its probability density function but
there are many other notions which are useful in the survival analysis context. An important

one is the cumulative distribution function of X, which is defined by
Fx(xz) =Prob(X < z) = / fx(s)ds
0

Nonetheless, in survival analysis, one usually is interested in the probability of an individual to

survive to time x, which is given by the survival function
o
Sx(x) =1—F(X)=Prob(X >z) = / fx(s)ds
x

The major notion in survival analysis is the hazard function Ax which is defined by

. Probz <X <zt A X>x) fx(x)
Ax(w) = liny A = 1—Fx(@)

The hazard function characterizes the risk of dying changing over time. It specifies the instan-
taneous failure rate at time x, given that an individual survives until x. Sometimes is useful to

deal with the cumulative (or integrated) hazard function
T
Ax(x) = / Ax(s)ds
0

13
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Applying the notion of the Laplace transformation of a random variable X is helpful to derive

to equivalent expressions. So other useful equivalences are

Ax(z) = /Ox Ax(s)ds = /0 lf);(x“”)(s)ds ~ _log(1 — Fy(x))

for the cumulative hazard function and

Sx(x) =1—Fx(z) =exp (— /Ox /\X(s)ds> = exp(—Ax(x))

for the survival function. Another important concept derived from the survival function is the

conditional survival function

S(x+ z)
S(x)

which denotes the conditional probability of surviving x + z years, given that the participant is

Sxz(z) = (2.1)

still alive at x.

2.2 Censoring

Usually it is unfeasible to follow a participant over a long period of time either because the
study ends before the event has occurred or the participant is lost to follow-up. This partially
observed information is known in the survival framework as censoring. A censored observation
contains only partial information about the variable of interest. There are different types of
censoring, here we consider type I right censoring! (Figure 2.1).

Let X1, Xo,..., X, beiid. survival times with cumulative distribution function Fx and let
Y1,Ys, ..., Y, be ii.d, censoring times with cumulative distribution function Gy. We assume
that F'x and Gy are absolutely continuous. Furthermore, let fx and gy be the probability
functions with respect Fy and Gy. We only observe the pair (71, 61), (T2, 92), ..., (Tn, d,) where
T; = min(X;,Y;) is the follow-up time of the individual 7 and the censoring indicator is defined

as

&:{1if&§E

0 if X;>Y

Therefore, for each observation i the (7;,d;) pair is observed and informs whether time-to-
censoring or time-to-event is observed. Generally, it is assumed that Y is independent from X,
i.e., the censoring mechanism is independent of the survival time and individuals censored at
any time t are representative of all individuals at that same time. It must be remarked that the
cumulative distribution function of the non-censored observations (while discarding the censored

observations of the sample) is not Flx:

Prob(T' <t,6 =1) =Prob(X <t,X <Y) = / fx(z)gy (y)dxdy =
<t Jrly (2'2)
[ ([ o) o= [ gelo)i- Gy

'Right censoring occurs when an observation leaves the study before an event occurs, or the study ends before
the event has occurred. Type I censoring occurs if given a set number of observations, the study stops at a

predetermined time, at which point any observations remaining are right-censored.
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As can be seen (2.2) is different from F'x(t).

Individual 6 (T6.36=0)
Individual 5 4 ——— (T5,05=0)
Individual 4 — o (T4,84=0)
Individual 3 (T2:05=0)
Individual 2 (T2:5=1)
Individual 1 — (T1,8,=1)

Study begins T Study ends

Figure 2.1: Example of right censoring patterns; 7: time in which prediction and estimation
of parameters are performed; o: right censored data; x: event; T: observed time; §: censoring

indicator.

2.3 Parametric models

Any distribution of non-negative random variables could be used to describe time-to-event data.
The exponential and Weibull models have been commonly used in the survival literature, but
other parametric models can also be used, including the log-normal, gamma and Gompertz
distribution. The main advantage of parametric models, such as the mentioned, exponential
and Weibull, is that they have closed form expressions for survival and hazards functions. We

describe some of the standard failure time models and their main properties.

2.3.1 Exponential distribution

The exponential model,

X ~ Exzp()\)

is the simplest parametric model. Assumes a constant hazard over time, thus, this model assumes
memoryless time-to-event: the probability of dying within a particular time interval depends
only on the length of the interval but not on the location on this interval. This assumption means
that the distribution of X — x conditional on X > z is the same as the original distribution. It

holds that
Prob(z < X < z+ A |X > z) = Prob(X <4) (2.3)

for any positive A. As a result, the exponential distribution is the sole distribution that is

not influenced by the definition of time zero. The parameter A\ attains all positive values; the
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distribution with A = 1 is called the unit or standard exponential. The exponential distribution

has density, survival and hazard function as follows:

Probability density function: Aexp(—Ax)

Survival function: exp(—Az)
Hazard function: A (2.4)
1
M : —
ean 3
) _ 1
Variance: 2

Exponential models are very sensitive to minor violations of the assumption of constant hazard
over time and memoryless time-to-event. As a characteristic, both the mean and standard

deviation are based on a single parameter used to describe the function of time.

2.3.2 Weibull distribution

The Weibull model is an important generalization of the exponential model with two positive
parameters. The second parameter in the model allows flexibility of the model and different

shapes of the hazard function.

X ~ Weibull(\,7)
The main functions related to the Weibull distribution are

Probability density function: Myz7 L exp(—A\z7)

Survival function: exp(—Az7)
Hazard function: Mzt (2.5)
Mean: )\_%F(H%)
Variance: A7 <F(1 + 2) -T(1+ 1)2)
Y Y
00 r—1

where A > 0, v > 0 and I' denotes the Gamma function with I'(r) = [;* s"~ " exp(—s)ds (r > 0).

As a property the hazard function decreases monotonously for v < 1, is constant for v = 1 (the

exponential distribution is obtained) and it monotonously increases for v > 1.

2.3.3 Gompertz distribution

The Gompertz distribution has been widely used in biology and in demography. A random

variable follows a Gompertz distribution,

X ~ Gompertz(\,v)
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with parameters v > 0 and A > 0, if the following relations hold:

1
Probability density function: vexp(A\x) exp <)\(1 - exp()\:c))>

v

3 (1-— exp()mc))

Hazard function: vexp(Ax)

Survival function: exp (

Mean: %G (%)

where G(r) = [ %exp(—y)dy. The hazard function is increasing from v at time zero to oo at

time oo.

2.4 Non-parametric and semi-parametric models

For parametric inference, it is necessary to make assumptions about the distribution of times of
event whereas non-parametric models avoid these assumptions. The simplest non-parametric es-
timate of a distribution function is the empirical distribution function. Two major developments
in survival analysis (with censored observations) were the Kaplan-Meier estimator (Kaplan and
Meier, 1958) and the proportional hazards model (Cox, 1972).

2.4.1 Kaplan-Meier estimator

A useful way of characterizing the survival function is to compute the empirical survival function.
In the absence of censoring, the empirical survival function at time ¢ is the ratio of survivors
at time ¢ and sample size n. This step function decreases by % just after each observed event
(assuming no ties). When dealing with censored data it is convenient to account for this partial
information. Let T{;) < T(y) < ... < T, be the order statistics of the observed time of
11,15, ..., T, and defining d(;) to be the censoring indicator value associated to T{;), that is,
O = 65 if Ty = Tj. Note that (1), d(2),--.,d(,) are not ordered. The Kaplan-Meier estimator

of the survival function can be obtained applying the product:

sw= 1] <1—n_5(2)+1> (2.7)

i:T<i) <t

where n is the total number of individuals. This is a decreasing step function that changes only
at event time. S never reduces to zero if the largest observation is censored and, as a result, S

is usually left unspecified for ¢ > #(,.

2.4.2 Proportional hazards model

The Cox proportional hazards model is the most popular model to analyze survival data. It is

defined in terms of the hazard function:

Atlzi) = Ao(t) exp((i, B)) (2.8)
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where A(t|x;) is the hazard at time ¢ of an observation ¢ with covariates vector @;, A\o(t) is the
baseline hazard function and 3 is the vector of coefficients of the model. The model assumes a
baseline hazard that is common to all observations in the study population. In this model, the
hazard of a subject increases multiplicatively with covariates.

The baseline hazard can be modelled in parametric or in semi-parametric models, as in Cox
proportional hazards model. In the semi-parametric model, the baseline hazard does not need
to be specified and the optimization function is based on a partial likelihood. Proportional
hazards model is more robust to outliers than other models because the model uses only the
rank ordering of the failure and censoring times.

To define the partial likelihood let (1) < t(9) < (3) < ... < {() be the unique ordered times
when an event is presented in a sample of n subjects, assuming that there are no repeated time
events. Considering that the set of individuals at risk of having an event at time £(;) is defined
by R;j = R(t(;)) = {i:T; > t(;} and is comprised by all observations censored or with an event
by time ¢(;). The conditional probability that individual ¢ present an event at ¢(;), given that

the subject is in the risk set R;, and given that exactly one failure occurs at ¢(; is

Ao(ty) exp({x gy, B))
> jer, Mo(te)) exp((z5, 8))
~exp((z(;), 8)
a ZjeRi exp((z;,8))

The likelihood function can be computed multiplying these individual likelihoods over all event

Prob(i have and event at t;)|R; and one event at t(;)) =

times. This is the known as the partial likelihood for parameters 3, taking into account the

censored observations, is expressed as:

5
B n exp((x;, 3)) ’
L(B) = Zl—[l (ZjeRi eXp(<mj7'B>)> B

where §; is the censoring indicator variable of observation i. Applying the logarithm transfor-

mation to equation (2.9) we obtain the log partial likelihood:

log(£(B)) =Y _0i | (B,@:) —log Y _ exp((x;,3)) (2.10)
1=1

JER;
Maximizing the expression (2.10), with Newton-Raphson algorithm, we obtain the maximum

partial likelihood estimators B that are asymptotically non biased, efficient and normally dis-

tributed.

Probability of having an event

Sometimes the information of interest is the probability of having an event during an interval of
time. The estimators of the hazard function, cumulative hazard function and survival function

for an observation 7, with a vector of covariates x; are, respectively:

S\(tlwz) = ;\o(t) eXP(<Ba x;))



2.4. Non-parametric and semi-parametric models 19

A(tlzs) = Ro(t) exp((B, z1))
S(tlas) = (So(t))=rBa) (2.11)

where Ag(t), Ao(t) and So(t) can be obtained through the Kalbfleisch-Prentice (Kalbfleisch and
Prentice, 1973) or the Breslow (Breslow, 1972) estimators. From (2.11) we can derive the

probability of having an event before ¢ as:

E(tlas) = 1~ ((So())>rlP=)

Main assumptions

The Cox proportional hazards model is more flexible than parametric models such as the ac-
celerated failure time models: it does not rely on any assumption about the distribution of the
time-to-event variable and makes no assumption on the shape of the underlying hazard function.
The assumptions of the Cox proportional hazards model are the following (Therneau, TM. and

Grambsch, PM., 2000):

e The time-to-event variable is a continuous random variable. Oftentimes this assumption
is violated and for these cases, there are four approaches to handle ties in the Cox model:

Breslow, Efron, exact partial likelihood and averaged likelihood method.

e Linearity and additivity of the predictors with respect to log-hazard or log-cumulative

hazard.
e Proportionality of the hazards over time (or constancy of the hazard ratio).

e The data is i.i.d., however there are extensions of the model allowing for non-independent

data.

Another important requirement to obtain unbiased estimations is related to the minimum num-
ber of events per variable (EPV). As it has been shown in the expression (2.10) the partial
likelihood depends on the number of events and not on the total sample size. Simulations con-
ducted by Concato et al. (1995) and by Peduzzi et al. (1995) suggest that the minimum EPV
for a proportional hazards model is 10. Vittinghoff and McCulloch (2007) suggest that results
including 5 to 9 EPV are comparable to those including 10 to 16 EPV. However, the three stud-
ies agree that results should be interpreted with caution and further analyses are necessary to
understand the obtained results, in situations where confounding cannot be addressed without

violating the minimum EPV.

Proportional hazards assumption

A key assumption of the Cox model is proportional hazards. That is, with time-fixed covariates,
the relative hazard for any two subjects ¢ and j obey the relationship

Altlei) _ Ao(t) exp((®i, B)) _ exp((zi, 8))
Altlzj)  do(t) exp((z,8))  exp((z;,3))

(2.12)
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which is independent of time. Furthermore, the relationship holds individually for each variable
in the model, as can be seen by choosing hypothetical subjects such that x; and z; differ in a
single variable.

We can check the proportional hazards assumption by testing the scaled Schoenfeld residuals.

Extending expression (2.8) to a time-dependent coefficient model we obtain

Atli) = Xo(t) exp({(zi, B(1))) (2.13)

From expression (2.13) we can conclude that proportionality of hazards holds when 3(t) = 3 for
any time ¢t. Therefore, one way to test if a variable violates the proportional hazards assumption
is to plot B(t) as a function of ¢t. Therneau, TM. and Grambsch, PM. (2000) show that if By is

the estimated coefficient by the Cox model for covariate k and assuming no tied events, then

E(75,) + Br = Br(t:) (2.14)

where 77, is the scaled Schoenfeld residual for the ith observation and covariate k. The Schoenfeld
residual for ith observation on the kth covariate using Hosmer et al. (2011) notation, is expressed
as

~ ~k
Pie = 0i(2f — T,,) (2.15)

where 0; is the censoring indicator for observation ¢ and

2k Z;‘LER,' .Z‘? exp(<57$j>)

Ty, = - =
> jer, exp((B,z;))
is the estimator of the risk set conditional mean of the covariate.
Therneau, TM. and Grambsch, PM. (2000) suggest that scaling the Schoenfeld residuals by

an estimator of its variance yields a residual with greater diagnostic power than the unscaled

residuals; this scaled version is computed easily by an approximation suggested by the same
authors that is expressed as

~

7 = mVar(B)7:
where m is the total number of events, @’(,@) is the covariance matrix of the estimated coef-
ficients and #; is the vector of Schoenfeld residuals with as many components as covariates for
the 7th observation.
For a given covariate k we can plot the scaled Schoenfeld residuals as a function of time.
In a proportional hazards scenario we would expect all residuals to fall around the estimated
coefficient value fy. Usually a line is fit and a test for zero slope is performed, being a nonzero

slope evidence against proportional hazards.

Strategies for non-proportionality

As stated by Therneau, TM. and Grambsch, PM. (2000) there are several possible model failures
that may appear as time-varying coefficients but would be dealt better by another approach.
These include the omission of an important covariate and incorrect functional form for a covari-

ate. There are two main approaches to deal with non-proportionality:
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e Time-dependent covariates: to model a time-varying effect, one can always create a time-

dependent covariate so that
(B(t), ) = (B,2"(t))

where x*(t) could be based on theoretical considerations or could be a function inspired

by the smoothed residual plot.

e Stratification: the second method that enables to handle non-proportional hazards is strat-
ification. The main idea is to split the whole sample into subgroups on the basis of cat-
egorical variable which is called stratification variable and re-estimate the model, letting

the baseline hazard function differ between these subgroups.

As(t|zi) = Aos(t) exp((zi, B))

where s = 1,2,...,5 and S is the total number of subgroups created on the basis of

stratification variable.






Chapter 3
Support Vector Machines

The SVM methodology was developed by Cortes and Vapnik (1995). Intuitively, these models
are based on discriminating two classes of observations by a linear decision surface (hyperplane)
maximizing the distance between the hyperplane and the individual observations. If the classes
are not separable by a linear surface, a non-linear transformation can be obtained through map-
ping the data on a different dimension space (feature space), usually a much higher dimensional.
This yields a non-linear decision boundary in the original space (input space). By the use of a
kernel function, it is possible to construct the separating hyperplane without explicitly carrying
out the map into feature space.

To fully understand the rational behind the SVM some basic concepts in terms of geometry
are described in Appendix A.1. Some preliminary concepts related to the optimization proce-
dures used in SVM are reviewed in Section 3.1. From Section 3.2 to 3.5 the soft margin SVM
and all main related concepts (kernels, parameters and assumptions) are described. Finally,

main SVM extensions unrelated to survival-SVM, are briefly described in Section 3.6.

3.1 Optimization preliminaries

All concepts presented in this section are based on the book by Scholkopf and Smola (2001)
about kernel methods. The optimization function of the original SVM and most of the SVM
extensions is convex quadratic. The properties of convex optimization functions are reviewed in

the following.

3.1.1 Convex optimization concepts

Minimization of a convex objective function on a convex set exhibits one global minimum.

Definition 1 (Convex set). A set X in vector space is called convez if for any x,2’ € X and

any A € [0,1] we have
Az +(1—-Na2' € X (3.1)

23
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Definition 2 (Convex function). A function f defined on a set X (not need to be convez itself)

is called convez if, for any x,2’ € X and any X € [0,1] such that Az + (1 — A\z’) € X, we have
fz+ (1 =N2") < Af(x) + (1 =N f(2) (32)
A function f is called strictly convex if for x # 2’ and X € (0,1) is a strict inequality.

A convenient definition of a convex set is based on the definition of the below-sets of convex

functions, such as the sets for which f(x) < ¢, for instance.

Lemma 1 (Convex sets as below-sets). Denote by f : X — R a convex function on a convex
set X. Then the set
X :={z|lr € X and f(x) <c}, forall c € R, (3.3)

1S convex.

Theorem 1 (Minima on convex sets). If the convex function f : X — R has a minimum on a
convex set X C X, then its arguments x € X, for which the minimum value is attained, form a

convex set. Moreover, if f is strictly convezx, then this set will contain only one element.

3.1.2 Convex quadratic optimization problems concepts

The general expression of a quadratic problem is given by

1
minimize -z'Qz+ ¢ z,
z 2 (3.4)
subject to Az+d <0

where () is a strictly positive definite matrix, z, ¢ € R™, A € R"™™, and d € R™. Note that
this is a differentiable convex optimization problem. To address the problem (3.4) we have to
construct the Lagrangian with the corresponding multipliers @ € R™ with a > 0, expressed as

1
L(z,a) = izTQz +c'z+a'(Az +d) (3.5)

3.1.3 Karush-Kuhn-Tucker conditions

Once we have constructed the Lagrangian we have to obtain the Karush-Kuhn-Tucker (KKT)
conditions (Boser et al., 1992, Cortes and Vapnik, 1995, Karush, 1939, Kuhn and Tucker, 1951).
These conditions are necessary for an optimal solution to any non-linear programming prob-
lem. They are sufficient conditions when the primal objective and inequality constraints are
convex and continuously differentiable, and each equality constraint is an affine function. These

conditions hold for the SVM optimization problem and assure an optimal SVM solution

(%(azz’a) —Qz+ATa+c=0, (Saddle point in z) (3.6)
f)l’(‘(}zoj“) = Az +d <0, (Saddle point in ) (3.7)

o' (Az +d) =0, (Vanishing KKT-Gap) (3.8)
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In order to compute the dual of (3.4) we have to eliminate z from (3.5) and write it as function

of a. This gives the following expression:

1
L(z,a) = —§zTQz +a'd (3.9)
= —%aTAQ_lATa + [d - CTQ_lAT] a-— %cTQ‘lc (3.10)

In (3.9) we have used (3.6) and (3.8) directly, whereas in order to eliminate z completely from
(3.10) we solved (3.6) for z = —Q~!(c + AT ). Ignoring the constant term leads to the dual
quadratic optimization problem
1
maximize —-a' AQ'ATa+ |d—c'Q7'AT|a
o 2 (3.11)

subject to a >0
The constraints in the dual problem (3.11) are simpler than in the primal (3.4) and, thus, this
is the problem that it is solved.

3.1.4 Kernels preliminary concepts

One of the advantages of the SVM models, as other kernel-based methods, is the possibility
of efficiently applying non-linear methods using kernels. The kernels that are used across this

thesis are the class of kernels k that correspond to dot products in feature space ‘H via a map ¢

X —H
(3.12)
that is
k(z,x') = (o(), p(x')) (3.13)

Some other concepts and definitions need to be established.

Kernel and kernel matrix definitions

Definition 3 (Gram matrix). Given a function k : X? — K (where K = C or K = R) and

patterns x1,...,Ty, € X, the n X n matrix K with elements
Kij = k(CCZ', ccj)
is called Gram matriz (or kernel matriz) of k with respect to x1, ..., Ty

Definition 4 (Positive definite matrix.). A complex n x n matriz K satisfying:
n n
Z Z CiéjKij >0 (314)
i=1 j=1
for all ¢; € C is called positive definite (¢ denotes complex conjugation, for real numbers it has

no effect). Similarly, a real symmetric n x n matriz K satisfying (3.14) for all ¢; € R is called

positive definite.
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Definition 5 (Positive definite kernel.). Let X be a non empty set. A function k on X x X
which for alln € N and all x1,...,x, € X gives rise to a positive definite Gram matriz is called

a positive definite kernel.

Feature map

Assume that k is a real-valued positive definite kernel, and X a non empty set. We define a

map from X into the space of functions mapping X into R, denoted as RY := {f : X — R}, via

¢ X - RY

x— k(- x).

Here, ¢(x) denotes the function that assigns the value k(x,z’) to ' € X, i.e., ¢(x)(-) = k(-, z).
This means, that each observation is turned into a function on the domain X. In this sense, an

observation is now represented by its similarity to all other points in the input domain X.

Reproducing kernel Hilbert space

Given a positive definite kernel, we can use the functions k(x,-), € X to construct a normed
space by defining an appropriate inner product. We define the vector space by taking linear

combinations of the functions l
FO) = aik(i,)
i=1

for arbitrary [ € N, ; € R and «;,...,2; € R. The inner product between f and g =
Z;Zl ﬁjk(:c;., -) is defined as

l r
(f.9) =D k(i x;).
i=1 j=1
This definition can be shown to satisfy the properties of an inner product (Scholkopf and Smola,
2001), namely:
Symmetry : (f,g) = (g, f)
Linearity : (af + bg, h) = a(f,h) + b{g, h)

Positive definiteness : { /.5y 20 =f=0
(f:f)=0

With this definition, we have

IFIP = (=)

=11

aiajk(wi, :Itj) >0

l
=1

Another useful property of this space is the fact that k is a reproducing kernel, that is

which follows from the definition of the inner product.
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With the inner product on the vector space, we have obtained a pre-Hilbert space. We
complete the space by adding the limit points of convergent sequences to form a Hilbert space,

usually called a reproducing kernel Hilbert space (RKHS).

3.2 Soft margin support vector machines

Originally, SVM was defined based on a hard margin approach in which the observations could
not be misclassified across classes. Later the hard margin approach was replaced by the soft mar-
gin approach allowing for a certain degree of misclassification. The soft margin SVM expression
corresponds to
minimize 1HwH2 + Ci&
wk 2 i=1
subject to & > 0, i=1,...,n

yz(<waml>+b)21_£ﬂ izl»"'7n

(3.15)

where w is the weight vector of the hyperplane, x; is the covariates vector of the observation
i, y;i € {£1} is the class label® associated to the x;, C is the regularization constant trading
off the violations of the constraints and maximizing the overall margin and b is the threshold
(bias term or intercept). The optimization problem (3.15) is quadratic thus with a minimum
always observable and it is the primal optimization problem; to solve the dual problem we need

to construct the Lagrange function

1 n n
=1 i=1 =1

where o; > 0 and n; > 0 for all « = 1,...,n, are the Lagrange multipliers. The Lagrangian

has to be minimized with respect to the primal variables and maximized with respect the dual

variables (a saddle point has to be found). Hence, at the saddle point, the derivatives of L with

respect the primal variables must vanish:

oL "

Yo =0 — w-— ;:1 a;yix; =0

oL .

7= _ . — 3.17
o = 0 = Zél a;y; =0 ( )
oL

This translates into w = Z?zl a;y;x;, the linear constraint 2?21 a;y; = 0, and the box con-

straint «; € [0, C] arising from 7; > 0. Applying the derivatives (3.17) into (3.16) it yields the

'In the SVM for binary classification framework, classes are identified by +1 or -1 because of mathematical

convenience.
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dual optimization problem,

n

N IR
minimize 3 Z Z ;oYY (Ti, Tj) — Z Q;

i=1 j=1 i=1
subject to 0 < a; < C i=1,...,n (3.18)
n
Zaiyi:O i=1,...,n
i=1

This optimization problem can be solved using several approaches since it has one equality
constraint and one single vector. After finding the optimal a vector it can be shown that the

weights of the marginal hyperplane are
n
w = Zaiyiwi (3.19)
i=1

and the decision function? is given by

=1

f(x) = sign (Z ai(xi, )y + b) (3.20)

that allows predicting the class of a new observation x. After estimating the « vector and given

any observation j, the b term can be computed as
n
b=y;— Y ouyilmi, z;) (3.21)
i=1
It must be noted that w vector lies in the span of the x; and f(x) with the form of equation

(3.20) is an instance of the representer theorem (Kimeldorf and Wahba, 1971).

Theorem 2 (Representer theorem). Denote by Q2 : [0,00) — R a strictly monotonic increasing
function, by X a set, and by ¢ : (X x R?)" = R U {co} an arbitrary loss function. Then each

minimizer f € H of the regularized risk functional:

c((@1,y1, f(21)); -5 (Tns Yns F20))) + Q)

admits a representation of the form
n
@) = aik(ai, @)
=1

where H is the Reproducing Kernel Hilbert Space associated to the kernel k.

This theorem shows that solutions of a large class of optimization problems can be expressed
as kernel expansions over the sample points. The significance of the representer theorem is that
although we might be trying to solve an optimization problem in an infinite-dimensional space
‘H, containing linear combinations of kernels centered on arbitrary points of X, it states that

the solution lies in the span of n particular kernels, those centered on the training points.

2Not all o; contributes to the decision function of a new given observation. Only those a; > 0 contribute to

equation (3.20), the x; with associated a; > 0 are known as support vectors.
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3.3 Kernelizing the optimal margin hyperplane

Definitions presented in Section 3.2 are based on a SVM with linear classification borders. More
general decision surfaces can be allowed by using non-linear kernels to perform a non-linearity
transformation of the input data, x1,...,x, € X, into a high-dimensional feature space using
a map ¢ : ®; — ¢(x;) and then creating a linear separation in the newly defined space. This
procedure can be justified using Cover’s theorem (Cover, 1965). The theorem formalizes the
intuition that the number of separations increases with the dimensionality and states that given
a set of training data that is not linearly separable, one can with high probability transform it
into a training set that is linearly separable by projecting it into a higher-dimensional space via
some non-linear transformation. This can be done through application of the kernel trick that,
basically, is the substitution of the described dot products in the expressions (3.18), (3.20) and
(3.21) by
(0(:i), o(x5)) = k(i ;)

where k is a positive definite kernel. The kernel trick states that, given an algorithm which is
formulated in terms of a positive definite kernel k, one can construct an alternative algorithm
by replacing k by another positive definite kernel k’; the dot product is a linear positive definite
kernel and hence we can apply the kernel trick.

Everything that has been described for the linear case, i.e., the original input space, is also

applicable to the non-linear case. Some of the most used positive definite kernels are:

e Linear:

k(z,z') = (z,x')
this kernel is the usual dot product.

e Polynomial:

k(z,z') = (x, a:’)d

where d € N. The polynomial kernel of degree d computes a dot product in the space

spanned by all monomials of degree d in the input coordinates.

e Inhomogeneous Polynomial:

k(a,a) = ((@,a') + o)’
similar to polynomial kernel where d € N and ¢ > 0.

e Gaussian:
k(z,x) = exp(—olle — a'|%)
or
|z — /|
202 )

where ¢ > 0. One of its main characteristics is that the k(x, ) = 1.

k(z,x') = exp(—
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Apart from the Gaussian, the linear kernel is also one of the kernels most used. There is no
formal theory to guide the choice of the kernel to be used. Advantages and disadvantages of the

two mentioned kernels are:

Linear

e There are no parameters in the linear kernel so there is no need to tune an extra
parameter and, depending on the data and algorithm, using linear kernels can save

computational cost and time.

e The feature space is in the same space of the original input space, making results

more interpretable.

e When analyzing numerous variables, as compared to the number of observations,
the linear kernels work well because the chances that the data are linearly separable

increase, therefore there is no need to apply a non-linear kernel.
e The linear kernel is less prone to overfit the data.

Additionally the linear kernel should always be used when the data is linearly separable.

Gaussian

e The feature space induced by a Gaussian kernel is infinite dimensional (Appendix

A.2). Therefore, it yields more flexible solutions than other kernels.

e The prediction error of non-linear kernel is better than or as good as the prediction
error of a linear kernel (Keerthi and Lin, 2003). Therefore, in an uncertain scenario

it is more conservative to use non-linear kernel.

Additionally the non-linear kernel should always be used when the data is not linearly

separable.

Cross-validation and bootstrap approaches can also support decisions about the specific

kernel to be used.

3.4 Tuning parameters

Some parameters included in the optimization problems are not known a priori and are not
estimable through the SVM optimization process. Therefore, these parameters need to be tuned,
i.e., go through a different estimation procedure. When using SVM with a linear kernel, there
is only one parameter to be tuned: the misclassification parameter C'. When using a Gaussian
kernel other parameters need to be tuned increasing the complexity of the SVM model. The
best value for tuning a parameter for a given problem is unknown but the criteria to choose
it is based on the prediction accuracy for any new observation. Assessment of the prediction
accuracy for a new data can be done through k-fold cross-validation over a grid of alternative

combinations of parameter values (Table 3.1 shows a simple example of this approach).



3.5. Assumptions 31

There are several variants of the simple cross-validation design including nested cross-validation,
coarse-fine grid search, and bootstrap-based resampling. Dealing with two parameters is rela-
tively straightforward and fast, but the computational time can be substantially increased with
more than two tuning parameters. Some work has been done to optimize the estimation of
tuning parameters. Caputo et al. (2002) suggest that optimal values of the o parameter for the
Gaussian kernel range from 0.1 to 0.9 quantile of the ||z —x’'||? statistic based on a sample of the
training set. Chapelle and Zien (2005) suggest a similar approach, i.e., to fix the default value
of o parameter and to assign to the C' parameter the inverse of the empirical variance S? of the
data in the feature space, defined as S* = Y"1 | K;; — # > i1 >i—y Kij, from a n x n kernel
matrix K. Afterwards, they use multiples of the default value as search range in a grid-search

using cross-validation.

Table 3.1: Example of using 3-fold cross-validation over a grid of 2 values for the C tuning
parameter (1 or 2). Column (A) shows the training set partitions used to fit the models;
column (B) shows the test set partitions in which accuracy is evaluated; column (C) shows the
best parameters values, i.e., those with highest accuracy of the tuning parameter with highest

accuracy (column [D]). Finally, in column (E), the average accuracy is displayed.

(A) Training set (B) Testing set (C) Best parameter (D) Accuracy (E) Average accuracy

Py, P2 P3 1 89%
Py, P3 P 2 84% 83%
P2, P3 P 1 75%

3.5 Assumptions

SVM methods are mainly non-parametric, in the sense that no statistical distributions are
assumed for neither parameters nor data. The main assumption related to the data is to be
i.i.d.. The tuning parameters affect accuracy of the prediction of SVM models but these are not
assumptions, just parameters. Previous work has tried to link the SVM models with classical
probabilistic theory. Platt et al. (1999) suggested a method to fit a logit function to map SVM
output to probabilities, this method is also known as Platt’s scaling. Grandvalet et al. (2005)
approximate the SVM objective function to a negative log-likelihood so the SVM output is
translated into probability intervals for unbalanced classification problems. Franc et al. (2011)
show that the SVM can be formulated as a maximum likelihood approach and the class can be
estimated using probabilistic models, however this conclusion is based on linear SVM models
without bias.

Other aspects that could affect the accuracy of the prediction are:

e Imbalance of classes: SVM models are sensitive to the data imbalance between classes.
Veropoulos et al. (1999) show that the separating hyperplane of a SVM with an imbalanced

dataset can be skewed towards the minority class, and this skewness can degrade the
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performance of that model with respect to the minority class. Some strategies to deal

with imbalance of classes described in the literature are:

— Boundary movement: it is a post-processing method in which the b term in the SVM
decision function is changed to trade false positives and false negatives.
— Biased penalties: Veropoulos et al. (1999) suggest using different penalty factors C'*

and C~ for positive and negative classes, reflecting their importance during training.

Class boundary alignment: Wu and Chang (2003) propose the kernel boundary align-
ment that adjusts the boundary toward the majority class by modifying the kernel
matrix.

— SMOTE algorithm: Akbani et al. (2004) suggest using Chawla et al. (2002) SMOTE
algorithm. Basically, the authors, using the SMOTE technique (Synthetic Minority
Oversampling Technique), make the distribution of positive/negative observations
denser. The SMOTE approach generates new observations between two existing
positives/negatives observations which helps in making their distribution more well-
defined.

— Granular SVM-repetitive: Tang et al. (2009) suggest a guided repetitive undersam-

pling strategy to rebalance the data at hand. The two main characteristics of the

method are i) extract informative samples that are essential for classification and ii)

elimination of redundant samples.

Although there are several ways to deal with this issue the level of tolerable imbalance

remains an unresolved problem.

e Violation of the assumption that training and test data are samples from the same popu-

lation.

The number of observations per variable can affect other classical statistical models but not
SVM models because they work with dot products and kernels. In SVM models, the hyperplane

can be calculated when the number of variables is much higher than the number of observations.

3.6 Support vector machines extensions

There are extensions, or alternative approaches, to the SVM for binary classification methodol-
ogy that has been described so far. Briefly, the main SVM extensions, excluding the time-to-

event ones that are presented in Section 4.1, are:

Multi-class classification. This extension deals with more than 2 classes. The three main

approaches are:

e One versus the rest: in this framework, a set of binary classifiers are trained to
separate one class from the rest, and then combine them by doing the multi-class

classification according to the maximal output before applying the sign function.



3.6. Support vector machines extensions 33

e Pairwise classification: the classifier is trained for each possible pair of classes. The
number of trained classifiers is usually larger than the one versus the rest approach,

nonetheless, the individual problems are significantly smaller.

e Multi-class objective functions: in this framework the SVM objective function is
modified in such a way that it simultaneously allows the computation of a multi-class

classifier.

Single-class problem. This is an unsupervised problem, i.e., there are no specific classes, that
addresses the problem in which we have a dataset drawn from an underlying probability
distribution R, and one want to estimate a simple subset S of input space, such that the
probability that a test point drawn from R lies outside of S equals some a priori specified

value between 0 and 1.

Support vector regression. This is a generalization to the case of regression estimation, i.e.,
to the estimation of real-valued functions, rather than just two values {1} representing
the two classes. The first approach to the regression estimation was described by Cortes
and Vapnik (1995), devising the so called e-insensitive loss function (see Appendix A.3.1),
and implementing the e-support vector regression (e-SVR). The method seeks to estimate

linear functions of the form
f(z) = (w,z) +b

The main goal of the method is to find the function f(x) that has at most e deviation
from the response quantitative values, y; € R, for all the training data and, at the same

time, be as flat as possible. The primal objective function of the e-SVR is:

1, =
gl el O G eD)

subject to ((w,x;) +b) —y; <e+&, i=1,...,n,

. (3.22)
yz_(<w7$1>+b)§€—|—fl7 Z:L...,n,
61207 izl,...,n7
51*207 izl,...,n

where the constant C' determines the trade off between the flatness of f and the amount

up to which deviations larger than e are tolerated.






Chapter 4

State of the Art on Survival-Support
Vector Machines Methods and

Variable Relevance

This chapter presents the state of the art for analyzing censored data and for selecting relevant
variables into the SVM framework. Section 4.1 presents the work that has been done related
to SVM for survival analysis, that basically focus on the treatment of the censoring data, and
Section 4.2 presents the state of the art of visualization and variable selection developed in SVM,

focusing mainly on non-linear kernels.

4.1 State of the art on support vector machines for survival

analysis

The basic SVM classifies subjects into two classes. It does not include any parameter for incom-
plete information, such as censoring. Two alternative approaches could be used to incorporate

censoring into SVM:

e Treat the censoring time as the actual event time. This approach underestimates the

actual event time.

e Ignore the censored data and estimate a binary classifier using only observations with all
complete data, i.e., observed time-to-event. This approach yields suboptimal models as

we ignore the information available in the censored data.

Therefore, to model survival data it is important to incorporate information about follow-up
time of subjects with censored event time. Several methods have been recently developed for

treating time-to-event data that are described in the subsequent sections.

35
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4.1.1 Kernel Cox regression

The kernel Cox regression is not, strictly speaking, a SVM extension for survival data, but since
Cox model is one of the most used classical statistical models it is worth to understand how
this extension is addressed. Moreover, kernel Cox regression is one of the methods used as gold
standard to compare new survival-SVM approaches. Li and Luan (2003) present a kernelized
version of the Cox model. The method is a penalized version of the Cox model, in which a
kernel is added to model the hazard as a function of the covariates. For the general Cox model
assuming an arbitrary function for the variables, for observation i, at time ¢, with a vector of

covariates x;, the hazard can be expressed as

At|x;) = Ao(t) exp(f(xi)) (4.1)

where Ag(t) is the unspecified baseline hazard function and f(x;) is an arbitrary function. The
authors propose to use the log partial likelihood as a loss function and reformulate the problem

as finding the function f in the penalized log-likelihood such that

log(L(f)) =6 | f(m:) —log D> exp(f(x;)) | —&lIfII3 (4.2)
=1 JER;
where f is assumed to be from a RKHS, H, defined by a kernel function k. The solution to this

problem is given by the representer theorem where the optimal f(x) has the form
n
fl@) =" ouk(x, @) +b (4.3)
i=1

The optimal a vector can be found by plugging (4.3) into (4.2) and solving the resulting op-
timization problem. This method is also proposed and modified by Evers and Messow (2008)
who numerically approximate (4.2) with only dependence of a subset of training data, contain-
ing only, what they call the important cases. These authors fit the model by generalizing the
import vector machine (Zhu and Hastie, 2005) to the proportional hazards model. The basic
idea of the survival import vector machine is to keep the loss function of the penalized partial
log-likelihood, but to set most of «; values to 0. The observations with non-zero «; are the called

import vectors.

Specific remarks

The main issue of kernel Cox regression is that, in contrast to SVM, it does neither perform
margin maximization, nor does it yield a sparse solution only depending on a subset of the input
data. The latter is an important property as it makes computing future predictions cheaper and
helps obtaining good generalization performance when using non-linear kernels. Another issue
is that, since is not focused explicitly in the prediction of the classes (alive versus death given
an specific period of time) it predicts an score of risk. The interpretation of this score is not as
clear as the classical SVM. Therefore, the authors suggest to classify data based on positive and

negative scores.
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4.1.2 Support vector regression approach

Taking as reference the e-SVR, Shivaswamy et al. (2007) present a method mainly focused on
prediction of survival time using an optimization function comparable to the one in equation

(3.22) but including a censoring indicator with the form

L, o g
L 1 c o
ng{lglgllfe 5 ||lw]||* + ;21 (6 +€)

subject to  ((w, ;) +b) = yi — €, i=1,...,n,
—6i((w, ;) +b) > =0y —e€f, i=1,...,n,
¢ 20, i=1,...,n,

e >0, i=1,...,n

where §; is the censoring indicator for observation ¢ and y; is the observed survival time for
that same observation. Khan and Zubek (2008), following a similar approach, apply different
penalties depending on the predicted-observed survival case.

Several other authors consider methods within the SVM regression framework. Shim and
Hwang (2009) propose an approach based on a support vector censored quantile regression
approach instead regular regression, in which the parameters of the optimization problem are
estimated using iterative re-weighted least squares procedure. To rank new observations with
respect to their survival time, Van Belle et al. (2010) use a least squares SVM (Suykens and
Vandewalle, 1999) for kernel-based modelling of failure time data accounting for censored data.
The goal of the model is to order new data points correctly with respect to their survival time.
The proposal of Kim and Jeong (2006) is to use a weighted-least-squares SVM optimization
problem in which the weights are calculated using the Kaplan-Meier estimator, resulting in the

following expression

w,b

1 C <
minimize 5Hw||2 + 5 Z;(g- +€2)
1=
subject to y; — (w,x;) — b= ¢, 1=1,...,n,

where (; is the vector of weights, calculated using the survival Kaplan-Meier estimator, and
being the regression function f(x) =Y " ; a;(x,x;) +b. Goldberg and Kosorok (2012) propose
a similar version, in which they construct a data-dependent version of the loss function using

inverse-probability-of-censoring weighting.

Specific remarks

These methods are interesting and maintain the flexibility and most of the SVM properties
because they are directly based on SVM theory as opposite to kernel Cox regression. Compu-
tations of the rank-based methods are complex and computer intensive because they are based
on the comparison of pairwise observations. Van Belle et al. (2011) compared the performance

of SVM-based models using a constrained regression and a ranking approach and concluded
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that the regression approach outperformed the ranking approach. Although they didn’t obtain

significant differences between SVR-based models and the Cox proportional hazards model.

4.1.3 Support vector ranking-ordinal classification approach

The approached proposed by Van Belle et al. (2007), Van Belle et al. (2008) and Evers and
Messow (2008) is based on a ranking (ordinal) SVM maximizing the C-statistic (Harrell et al.,
1984) and the goal of the model is to predict a prognostic index. According to Evers and
Messow (2008) results this method performs better than kernel Cox model and is also based on

the proportional hazards assumption. The primal model is expressed as

N L2 -
minimize §|]wH +CZ Z &ij

w,€ ; .
=1 jwyi>y;
compi;=1 (4.4)
subject to (w, ;) — (w,x;) > 1—&;, i=1,...,n;7:y; > y; and comp;; = 1,
§z‘j20, i:17"'7n;j:yi>yja‘ndcompij:l

where C'is a positive real constant and comp;; is the comparability indicator function for a pair

of observations (x;, y;,0;) and (xj,y;,0;), defined as

11f(5,:1and(5]:1) or (5i:1and5j:0andyi§yj)
compi;; =
0 else
and x;,y; and J; define the covariates vector, observed time and censoring indicator of any
observation %, respectively. There is no need to add a constant term b in the optimization

problem (4.4) because only differences in prognostic indices are considered.

Specific remarks

Basically, at every event time ¢, a hyperplane is constructed separating the individual(s) event
at time ¢ from the individuals censored at time t. In contrast to the proportional hazards model,
to find the hyperplane, the margin, as in classical SVM is maximized. Therefore, for different
event times the hyperplanes are just translated. This is in analogy to the proportional hazards
model where the same estimated coefficient is used for all events as well. Although Evers and
Messow (2008) report that their results are robust to mild violations of the proportional hazards
assumption, they also conclude that the performance is very similar to kernel Cox regression,

no obtaining significant differences.

4.1.4 Support vector machines for classification approach

Little work has been done to extend SVM for binary classification to survival data compared
to extending SVM regression to analysis of survival data. Shiao and Cherkassky (2013) pro-
pose the SVM-learning using privileged information (LUPI) approach developed by Vapnik and

Vashist (2009), which uses the censoring information as privileged information (only available
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for the training data). As the name of the method suggests this approach is based on including
additional information into the training process to enrich the learning process. Two different
spaces are described, the decision space and the correcting space (the one with the censoring

information). The optimization problem to be minimized is

s 1 2 - -
minimize §(||w|| + [lw”|| )+CZ&

w,w*,b,b* P

subject to & = ((w*, x]) +b"), i=1,...,n,
yi({w,x;) +b) > 1 — ((w*, x]) +b"), i=1,...,n,
((w*, x7) +b*) > 0, t=1,...,n

where (x,y) is the usual training data for binary classification. The w*,z* and b* are the
equivalent in correcting space to the ones in decision space, i.e., defines the privileged information
only present in the training data.

The other approach that the authors propose is the SVM with uncertain classes (Niaf et al.,
2011). This method allows to not perfectly definite the belonging class of observations, i.e.,
it allows some degree of confidence regarding the class. The basic optimization problem is
expressed as

inimize  ~ ]
minimize —||w
w,b 2

subject to  y;((w, x;) +b) > 1, 1=1,...,n,
zi <(w,x;) +b<z', i=n+1,....m

where z; and z;r are boundaries depending on p; (the probability of belonging to the specific

class), (x,y) is the training data defining the covariates vector and class, n is the number of

definite observations and (m — n — 1) is the number of observations with uncertain classes.
The authors suggest to measure privileged information for LUPI and the uncertainty using

the proportion of follow-up time as it is given by

0, if observation is an event

%, if observation 7 is censored

being T; and 7 the observed follow-up time for observation ¢ and the maximum follow-up time

established, respectively.

Specific remarks

Depending on the scenario (in terms of proportion of censoring and linearity of the data) to
each these two approaches are applied, they outperform the proportional hazards model. The
main characteristic of Shiao and Cherkassky (2013) survival-SVM approach, is that is addressed
from a SVM for binary classification perspective. The authors remark that using regression
setting is intrinsically more difficult than classification and further research needs to be done in

this specific framework. The other characteristic is that, in both LUPI and SVM with uncertain
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classes methods, they construct a weight or probability based on the proportional time of follow-

up for the censored observations.

4.1.5 Implementation in R

The first implementation of SVM in R was introduced in the 1071 package (Meyer et al.,
2015). The implemented functions provide visualization and parameter tuning methods. Pack-
age kernlab (Karatzoglou et al., 2004) features a variety of kernel-based methods including a
SVM. It aims to provide a flexible and extensible SVM implementation. Package k1laR (Weihs
et al., 2005) includes an interface to SVMlight, a SVM implementation that additionally offers
classification tools such as Regularized Discriminant Analysis. Package svmpath (Hastie, 2016)
provides an algorithm that fits the entire path of the SVM solution, i.e., for any value of the
cost parameter. Another package with implemented SVM methods is caret (Kuhn, 2016), but
all SVM-related methods are wrappers of the kernlab one. All packages mentioned so far are
available at the The Comprehensive R Archive Network repository (CRAN).

Regarding survival-SVM methods, no packages or specific functions have been found except
survpack package (Evers, 2009), which implements kernel Cox regression and survival import

vector machines, however this package is not available in CRAN.

4.1.6 Overall remarks and gaps in the literature addressed by this thesis
Overall remarks

Most of the work done in survival-SVM is based on extensions of the SVR approach. These
approaches seem to perform as well as the Cox proportional hazards model or the kernel Cox
regression and, thus, may not provide any improvements in accuracy of predictions of these other
traditional regression methods. Moreover, they may yield biased estimates in the same situations
that proportional hazards models do, e.g., when the assumption of proportional hazards is
violated.

Using SVM extensions of SVM for binary classification to analyze survival data may result
in improved prediction accuracy. However, limited research has been done in this direction.
Therefore, there is an opportunity to investigate new approaches based on extensions of SVM
for binary classification and compare them to the gold standard Cox proportional hazards and
kernel Cox regression models. Having a clear picture of all alternatives to survival-SVM will help
to identify the most appropriate model for biomedical problem with alternative data generating
mechanisms, for instance with substantial censoring or with non-proportional hazards.

The only two approaches proposed to extend SVM for binary classification to survival data
and handle censoring are LUPI and uncertain classes. Shiao and Cherkassky (2013) weight
the censored data using the follow-up time. This implies that a censored observation at the
beginning of the study will have always the same weight, no matter the survival probability at
the end of the follow-up period. This seems a strong assumption because: i) it assumes a linear

function of the follow-up period, i.e., it is not taking into account the shape of the survival curve
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and ii) it assumes that the risk of event is the same for any survival probability at the end of
the follow-up. Therefore, an alternative to this approach is needed.
Implementation through R-functions and evaluation of additional methods could help choos-

ing the right approach to analyze the data at hand.

Gaps addressed

The present thesis addresses the gaps in the literature by:

e Proposing an alternative approach for weighting censored observations when fitting LUPI
and SVM with uncertain classes, that is a conditional survival approach as described in

expression (2.1) (models are described in Section 6.1 and Section 6.2).

e Proposing a semi-supervised SVM with local invariances approach to deal with censored

data (described in Section 6.3).

e Evaluating a weighted SVM for binary classification approach weighting the censored ob-

servations (described in Section 6.4).

e Implementing R functions to fit LUPI, uncertain classes SVM, semi-supervised with local
invariances SVM and weighted SVM (Appendix F).

4.2 State of the art on variable relevance

Oftentimes investigators are interested in learning about the relative importance of the analyzed
variable to predict the response variable. The methodology used to find the relevance of a
variable can be classified into three main categories: filter, wrapper and embedded methods. In
this section, the three groups of methods for estimate the relative importance of variables and

conduct variable selection in SVM context is reviewed.

4.2.1 Filter methods

Those methods asses the relevance of variables by looking only at the intrinsic properties of
the data without taking into account any information provided by the classification algorithm.
In other words, they perform variable selection before conducting the learning method, includ-
ing SVM. In most cases a variable relevance score is calculated, and low-scoring variables are
removed, since they are supposed to be less important than the ones with highest values on
the metric used. Afterwards, the subset variables are presented as input to the classification
algorithm.

Chen and Lin (2006) propose some filter methods combined with the SVM. One of them is the
F-score, which is also proposed as reference for filter methods by other authors like Maldonado

and Weber (2009). Given an observation x;, where i = 1,...,n, and the number of positives
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and negatives instances are ny and n_ respectively, the F-score of the pth variable is defined as

@) —zr)’ + (@) — )

L5 (0 —20) e i (00 —20)

ny—1 n_—1

F(p) =

where 7, "t (-) are the average of the pth variable of the whole, positive, and negative

(+)

datasets, respectively; mf is the pth variable of the ¢th positive observation, and mf () is the
pth variable of the ith negative observation. The larger the F-score the more likely the variable
is more discriminative.

Another proposal from the same authors is to use the F-score and Random Forest. In a first
step, the F-score is used for selecting a subset of variables, then the Random Forest is used to

obtain a rank of the variables.

Specific remarks

The advantages of filter techniques are that they easily scale to very high-dimensional datasets,
they are usually computationally simple and fast, and they are independent of the classification
algorithm so they are transversal methods. The main disadvantage of these approaches is that

they ignore the interaction with the classifier.

4.2.2 Wrapper methods

The evaluation of a specific subset of variables is obtained by training and testing a specific
classification model, rendering this approach tailored to a specific classification algorithm. To
search the space of all variable subsets, a search algorithm is then wrapped around the classifi-
cation model. However, as the space of variables subset grows exponentially with the number
of variables, heuristic search methods are used to guide the search for an optimal subset.

Guyon et al. (2002) propose one of the most used methods for variable selection into the
SVM context. The method is known as SVM-Recursive Feature Elimination (SVM-RFE) and
the algorithm consists, using the linear kernel, in the steps shown in Algorithm 1.

The final output of this algorithm is a ranked list with the variables ordered according to
their relevance. The method allows removing more than one variable at each iteration.

In the same paper the authors propose an approximation for non-linear kernels. The idea is
based on measuring the smallest change in the cost function by assuming no change in the value
of the estimated a parameters in optimization problem (3.18). Thus, one avoids to retrain a
classifier for every candidate variable to be eliminated. The function to be minimized of the soft

margin SVM is given by

RV R Y
mmgmze 5 Z Z ai@jyiyjk(xiy wj) - Z &

=1 j=1 =1

subject to 0 < a; < C, 1=1,...,n,

n
Zaiyi:(), izl,...,n
=1
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Data : Dataset with p* variables and binary outcome.

Output: Ranked list of variables according to their relevance.

Find the optimal values for the tuning parameters of the SVM model;

Train the SVM model;

P p5

while p > 2 do

SV M, <= SVM with the optimized tuning parameters for the p variables and

observations in Data;

wy, < calculate weight vector of the SV M, (wp1, ..., wpp);

2 2.
ol Whp )

min.rank.criteria <— variable with lowest value in rank.criteria vector;

rank.criteria < (w

Remove min.rank.criteria from Data;

Rank, < min.rank.criteria;

p<p-1;
end
Rank, < variable in Data ¢ (Ranks, ..., Ranky«);
return (Ranki, ..., Rank,~)

Algorithm 1: Pseudo-code of the SVM-RFE algorithm (Guyon et al., 2002) using the

linear kernel in a SVM model for binary classification.

To compute the change in the cost function caused by removing the input variable p, one leaves
the o unchanged and re-calculates the kernel values from the kernel matrix. This corresponds
to compute k(z; ”, :cj_p ), meaning calculate the kernel values by removing the variable p. The

resulting ranking coefficient is

n n n n
A(p) = % D aiagyyik(ai ) | - % > wiagyyik(a; " x;")
i=1 j=1 i=1 j=1
where A(p) is the difference in cost functions due to the exclusion of variable p. The variable
corresponding to the smallest difference A(p) is removed. The process is iterated to carry out
the Recursive Feature Elimination (RFE).

Liu et al. (2011) extent the SVM-RFE to the radial basis Gaussian kernel. The method
expands the Gaussian kernel into its Maclaurin series and compute the weight vector from the
series according to the contribution made to the classification by each variable. Then, using w?
as ranking criterion, the algorithm starts with all the variables, and eliminates one variable with
the least squared weight in the weight vector at each step. This process is repeated until all
variables are ranked. The main characteristic of this method is that numeric variables must be

discretize into {0,1}. So, from the decision function (note that the sign function is not included)

flx) = Zaiyik(wiam) +b
i1
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and expressing the Gaussian kernel as
k(U,V) = exp(—a(o(U),7(V)))

where U € {0,1}", V € {0,1}", ¢(U) = (Ur,...,Up,1 = Uy,...,1 = U,) and 7(V) = (1 —
Vi,.o oy 1=V, Vi, ..., V). Assuming that

Ni = qyik(z;, x) = ay; exp(—o{p(x;), 7(x))), (4.5)

the Maclaurin series can be computed as

A = o, (1 py e <¢<wi>m<w>>t> (4.6)
t=1

t

Equation (4.6) is the main expression in which the weight vector is based applying this approach.

Brank et al. (2002) propose a method in which a SVM is trained with a subset of the training
data using linear kernel. Then, variables with low weights of the w vector are eliminated, the
lower variables can be selected using cross-validation. The last step is, using only variables
retained, train the SVM in all data.

Alonso-Atienza et al. (2012) suggest to compare the classification error of the SVM model
including all variables to the classification error of the SVM model without the variable p. This
procedure is applied for all variables and repeated for a B number of bootstrap samples. In
this way the authors calculate what they called paired confidence intervals, so that the variables
whose interval include the 0 are not relevant and the ones whose interval do not contain 0 are
relevant.

Maldonado and Weber (2009) approach is very similar to the SVM-RFE but instead of
basing the ranking criteria into the weights, the criteria of removing a variable is based on the

classification error of the validation data once the variable p is removed

By = i y; — sign iaiyik (acj_p, :Bf(_p)) +b

i=1 j=1

where y? and mf(_p ) are the class value and covariates vector of the validation set with m
observations removing information of variable p; and y; and & ” are the class value and covariates
vector of the training set with n observations removing information of variable p.

Weston et al. (2000) suggest upon finding those variables which minimize bounds on the leave-
one-out error via gradient descent. The main idea is that given that the optimal hyperplane
is the one with the maximal distance M, in feature space, to the closest image ¢(x;) from the
training data and that the images of all training data are within a sphere of radius R then the

bound of the expectation of the error probability has the bound

EP < Lp{ N _ lE{PPVV?(oP)}
err = n M2 n

where W (a®) is the solution of the optimization problem (3.18). From this main concept, the
authors derived the optimization problem which in order to be optimized requires searching all

over possible subsets of variables, penalizing large numbers of variables.



4.2. State of the art on variable relevance 45

Krooshof et al. (2010) approach is slightly different to the others because is mainly focused
on the visualization and it can be used with any kernel. The method consists in plotting the
score components (pairwise) of a kernel PCA! (KPCA), using the tuned values of the kernel
parameters found in SVM, and then projecting the scores of the data into them and projecting
scores of pseudo-samples (an observation with 0 in all variables except in the tested one) with
all range of the tested variable. The method doesn’t rank variables but allows visualizing the

importance of variables in specific KPCA components.

Specific remarks

Advantages of wrapper approaches include the interaction between variable subset search and
model selection as well as the ability to take into account variable dependencies. A common
drawback of these techniques is that they have a higher risk of overfitting than filter methods
and are computationally intensive, especially if building the classifier has a high computational

cost (Saeys et al., 2007).

4.2.3 Embedded methods

The search for an optimal subset of variables is built into the classifier construction. Just like
wrapper approaches, embedded approaches are, thus, specific to a given learning algorithm. In
the SVM framework, all methods found in the literature are limited to linear kernels and most
of them are based on a variation or addition of a penalization term, i.e., variables are penalized
depending on their values.

Aytug (2015) suggests two versions of the feature selection problem formulated previously
by Weston et al. (2000); one that explicitly constrains the number of variables, and one that
penalizes the number of variables. The author also developed an exact algorithm to solve it in
the SVM classification context using the Benders decomposition algorithm (Benders, 1962).

Becker et al. (2009) and Becker et al. (2011) suggest a penalized version of the SVM with

different penalization terms?

mirgr’ilize % ; Uyi, f(x;)) + peny(w)
where [ is the loss term described as a sum of the hinge loss function (Appendix A.3.2) and the
penalty term expressed as peny(w). Depending on the form of the penalty the authors propose
several versions of the SVM: Ridge SVM, LASSO SVM, Elastic net SVM, Smoothly Clipped
Absolute Deviation (SCAD) SVM and Elastic-SCAD SVM. These methods can only be applied
when using linear kernel.

A similar methodology is described in Bradley and Mangasarian (1998) and Bi et al. (2003)

focusing on the [;-norm into the linear kernel and also emphasizing plotting the weight vectors

1See Section 9.2.1 for description of the method.
2The soft margin SVM optimization problem sometimes is expressed as a loss function (the hinge loss) and a

penalization term. See Friedman et al. (2001) for more details.
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of the SVM using starplots.

Specific remarks

Embedded methods have the advantage that include the interaction with the classification model
and they are far less computationally intensive than wrapper methods (Saeys et al., 2007). The
main issue of these methods is that for non-linear kernels it is complicated to penalize the weight

vector of the SVM due to the fact that it is in a different space than the original one.

4.2.4 Implementation in R

The package penalizedSVM implements the methods described in Becker et al. (2009) and Becker
et al. (2011). The RFE algorithm is implemented and available for SVM in the caret package
(Kuhn, 2016), although the metric for the importance of the variables is not based on the weight
vector but on Root Mean Square Error, R?, Accuracy or Kappa depending on the classification

or regression method used.

4.2.5 Overall remarks and gaps in the literature addressed by this thesis
Overall remarks

The main advantage of SVM is the possibility of using it with non-linear kernels. Therefore, a
variable selection algorithm should be applicable to this type of kernels. The best approaches
to work with non-linear kernels are wrapper methods: i) filter methods are less efficient than
wrapper methods and ii) embedded methods are focused on linear kernels. The gold standard
of wrapper methods is the RFE algorithm proposed by Guyon et al. (2002). Although wrapper
methods outweigh other procedures, there is not approach implemented to visualize and inter-
pret results obtained during RFE iterations. The RFE algorithm for non-linear kernels allows
ranking variables but not comparing the performance of all variables in a specific iteration, i.e.,
interpreting results in terms of: association with the response variable, association with the

other variables and magnitude of this association.

Gaps addressed

The present thesis addresses the gaps in the literature by:

e Proposing a RFE-based algorithm that allows visualizing the relevance of the variables by

plotting the predictions of the SVM model (described in Section 9.1).

e Proposing two RFE-algorithms based on a representation of variables into KPCA space
(described in Section 9.2).
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Recursive feature elimination

SVM-RFE, as it has been explained, is the most well known method when ranking variables
in SVM. This method is basically a backward elimination procedure. What it is obtained at
the end of this algorithm is a variable ranking. However, the variables that are top ranked
(eliminated last) are not necessarily the ones that are individually most relevant. Only taken
together the variables of a subset are optimal in some sense. So for instance, if we are focusing
on a variable that is p ranked we know that in the model with the 1 to p ranked variables, p is
the variable least relevant.

We have used this approach as basis for our proposed methods. Although automated stepwise
selection methods (backward, forward and backward-forward) are not optimal, they have some
advantages, specially backward compared to forward. A backward selection approach is generally

preferred if automatic stepwise selection is attempted (Steyerberg, 2008):

e The modeller is forced to consider the full model with a backward approach, and can judge

the effects of all candidate predictors simultaneously (Harrell, 2015).

e Correlated variables may remain in the model, while none of them might enter the model

with a forward approach (Derksen and Keselman, 1992).

Guyon et al. (2002) points out the distinction between the RFE algorithm and the naive
ranking®. The naive ranking and RFE are qualitatively different, the former orders variables
according to their individual relevance whereas the latter is a variable subset ranking. The nested
variable subset contain complementary variables not necessarily individually most relevant. This

is related to the relevance vs. usefulness distinction by Kohavi and John (1997).

3The ranking performed based on the first iteration of the RFE-agorithm, i.e., one SVM model with all

variables.






Chapter 5

Objectives of the Thesis

The context of this thesis is focused on the SVM methods for survival analysis from a binary
classification perspective and variable selection, with special emphasis on the application on real

data.

5.1 Main objectives

This thesis has three main objectives:

1. To develop extensions of the SVM binary data to predict time-to-event response variables.

2. To develop methods for visualization and ranking relevance of variables into the survival-

SVM framework.

3. To identify the relevant cytokines and chemokines that correlate with protection induced

by the RTS,S vaccine.

5.2 Specific objectives associated with the SVM for survival

analysis

The specific objectives associated with the proposed survival-SVM methods are:

1. To evaluate the performance of the conditional survival approach when compared to the

proportional time approach.

2. To evaluate the overall performance of the proposed survival-SVM alternatives compared
to the Cox proportional hazards model and kernel Cox regression in realistic scenarios
about the data generating mechanism that are a function of: proportion and distribution

of censoring, sample size, and violation of the proportional hazards assumption.
3. To implement code in R software for the compared survival-SVM methods.

49
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5.3 Specific objectives for the visualization and relevance of

variables
The specific objectives associated with the visualization and ranking of variables are:

1. To evaluate the performance of the proposed methods in terms of ranking relevance com-
pared to the RFE approach for non-linear kernels, under the same data generating mech-

anism scenarios used to compare survival-SVM methods.

2. To interpret and visualize figures obtained for the proposed methods.

5.4 Specific objectives for the analysis of Mal067 data
The specific objectives associated with the analysis of correlates of protection are:

1. To identify the optimal method to analyze RTS,S and comparator cohorts, including: the

proposed survival-SVM methods, Cox proportional hazards and kernel Cox regression.

2. To visualize and rank the relevance of cytokines, chemokines, and growth factors for the
best model found in each vaccine cohort, and for the best RFE-algorithm found in the

simulation study.



Part 11

Support Vector Machines for

Survival Analysis

o1






Chapter 6

Material and Methods

In the following sections the proposed methods for dealing with censored observations into
the SVM for binary classification framework are presented. In Section 6.1 the SVM extension
using what is called privileged information is presented. The SVM extension that deals with
uncertain classes is presented in Section 6.2. In Section 6.3, a semi-supervised version of the
classical SVM, based on the hinge-loss function and local invariances is proposed as a potential
method to be used with censored data. Finally, in Section 6.4, a weighted version of the classical

SVM weighting for the observation class is described.

6.1 Support vector machines learning using privileged informa-
tion

The SVM learning using privileged information approach, known as SVM+ and LUPI!, was
described by Vapnik (Vapnik and Vashist, 2009). As the name of the method suggests it is based
on including additional information into the training process to enrich the learning process.
The LUPI approach is based in a triplet (x;,x},v;), for ¢ = 1,...,n observations, where
xz; € RY xf € RF and y; € {£1}. The (x,y) is the usual training data and =} defines the
privileged information only present in the training data, i.e., the information (variables) only
present when modelling the data. This information is not available when predicting the class
of a new observation. Therefore, it can be seen that the privileged information is in a different

feature space than the classical SVM. In the LUPI approach two different spaces are described:

e The space related to «, known as decision space, which is the same feature space used in
standard SVM.

e The space related to «*, known as correcting space, which reflects the privileged informa-

tion about the training data and not available for predictions of future observations.

The main objective of the LUPI is to estimate the usual decision function by correcting it using

the correcting function via privileged information.

!Hereinafter will be referred as LUPI.
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6.1.1 Optimization problem

The primal optimization problem to be minimized in the LUPI paradigm is

L 1 2 * (|12 -
minimize §(Hw|| + [Jw*|| )"'CZ&

w,w* b,b*

i=1
subject to & = ((w*, x]) +b"), i=1,...,n (6.1)
yil{w, z;) +0) 21— ((w*,@7) +0°), i=1,...,n
((w*,x]) +b*) > 0, i=1,...,n

To solve this problem the Lagrangian is constructed
L b * b* _ 1 2 * (12
(’lU, ,'I.U 9 aavﬁ) - 2(”'1_17” +’Y||w H )

+ O ((w,zf) +b) = > ai(yi({w, ;) +b)

i=1 i=1
n
— 1+ (w*,@]) +6%) = > Bil(w*, &) +b7)
i=1
The Lagrange function must be minimized with respect w,b, w*,b* and maximized it with
respect to Lagrange multipliers a > 0 and 3 > 0. The dual space solutions are defined by the

decision function in which the kernel trick can be applied obtaining
f(x) = sign (Z yiaik(zi, ) + b) (6.2)
i=1

The corresponding correcting function is given by

* * * * 1 - * * * >k
fr(@*) = ((w*, @) +5") = = > (ai + B; — O)k* (], &™) + b
i=1
where k(xz;,x) and k*(x],z*) are kernels that define the inner products in the decision and
correcting spaces respectively, and a and 3 are the solution of the optimization problem to be

maximized (Appendix B.1). Therefore, the dual problem to be maximized is expresses as

n

n n
maximize oy — 5 aiozjyiyjk(wi, ZBj)

@B i1 =1 j—1
1
2y

n

subject to Z(O‘i +8;—C)=0, i=1,...,n (6.3)
i=1

n
Zyiaizo, izl,...,n
=1

n n

YD (i + B = C)a; + B — Ok (2}, 25)

i=1 j=1
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The intuitive idea behind the LUPI is very similar to the classical SVM extrapolating the idea
to two spaces instead of one. The decision function and the correcting functions depend on the
decision and correcting space respectively. Although, decision function has the same expression
as usual SVM, the LUPI decision function coefficients depend on kernels in both spaces. The
SVM solution and the LUPI can be exactly the same when the correcting space is not appropriate
and the privileged information is rejected (when v tends to 0 in expression [6.1]).

From a mathematical point of view the LUPI algorithm, that takes into account both priv-
ileged and unprivileged information, is very similar to SVM algorithms for finding solutions
in the classical binary classification framework. It requires solving a quadratic optimization
problem under constraints that are similar to constraints in the classical SVM. However, the
LUPI algorithm is computationally costlier than classical SVM because it requires optimizing

two parameters (o, 3) and tuning the cost parameter C.

6.1.2 Application to survival data

In the training data the time to follow-up and time-to-event is known but it is unknown in
the test setting, so the censoring information at the training setting can be used as privileged
information. According to Shiao and Cherkassky (2013) the privileged information can be

formulated as
z; = (T;,pi)

where T; is the observed time (event or censoring) and p; is a certainty measure of the non-event,
proportional to the observed time. Therefore, in the events is 0 and in censored observations is
calculated as T;/7, being 7 the maximum follow-up time established.

Our proposal is to define the privileged information based on the conditional probability of
having the event using the Kaplan-Meier estimator defined in (2.1). In this way we take into

account the real probability of having an event and the characteristics of the survival curve.

6.1.3 Parameters and kernels

Shiao and Cherkassky (2013) compared the Gaussian kernel and linear kernel for the correcting
space and obtained similar results. Based on this we have used linear kernel for correcting space.
For the decision space we have applied the Gaussian kernel. Regarding the censoring approach,

both proportional time to follow-up and conditional survival approach are compared.

6.2 Support vector machines with uncertain classes

The SVM with uncertain classes was developed by Niaf et al. (2011). This method allows to
not perfectly definite some observations and give them an uncertainty in their class. For these
uncertainties a confidence level or probability regarding the class is provided. The method will

be referred from now on to pSVM (probabilistic SVM).
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6.2.1 Optimization problem

The pSVM takes into account belonging a class through a hinge loss as well as probability
estimates using the e-insensitive cost function (Appendix A.3). Given an observation ¢ we define
the pair (x;,l;) as the learning dataset of input vectors & € X along with their corresponding

classes group. The classes can be defined as
li =y, €{£l} fori=1,....n
li=pi€[0,1] fori=n+1,....m
where n is the number of observations with known classes (perfectly definite), (m —n — 1) the

number of observations with uncertain classes and p; is the associated uncertainty about x; in

a regression setting. The posterior probability for class 1 is given by
Di = PI‘Ob(Y; = 1|Xz = acl)
The associated optimization problem is

. . . ]. H ”2

minimize = |jw
w,b 2

subject to y;((w, z;) +b) > 1, i=1,...,n, (6.4)

zi <(w,x;) +b<z', i=n+1,....m
where z;” and zi"" are boundaries depending on p;. If n = m the problem is exactly the same

to hard margin SVM. Allowing to misclassification in classes, slack variables &; are introduced.

Then the expression (6.4) can be rewritten as

.. . 1 2 - =~ _ _ +
minimize, Slwl? +C> &+C Y7 (& +&)

=1 i=n+1
subject to y;((w,x;) +b) > 1—&, i=1,...,n,
i — & <(w,x;) +b<z + &, i=n+1,...,m, (6.5)
& >0, i=1,...,n,
& >0, i=n+1,...,m,
& >0, i=n+1,....m

Parameters C' and C are controlling the weighting of the certain classes and uncertain classes,
respectively.

To define the probability boundaries, let € be the class precision and A the confidence we
have in that class. Defining n = € + A. Then the regression problem consists in finding the
optimal parameters w and b such that

1
1+ exp(—a({w,z;) + b

))—pz' <n

Thus constraining the probability prediction for point x; to remain around

1
1+ exp(—a({w,z;) + b))
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within distance 7. The boundaries where ({(w,x;) + b) is +1 or —1 define parameter a as

1
azlog(—l)
n

Finally,
1
0,p;i — 1) < in(p; + 1, 1
max(0,p; —n) < T+ oxp(—al(w. ) £ 1)) < min(p; +n,1)
z; < (w,x;) +b <z
where ) )
z; = —log< — 1)
a pi—1
1 1
z:r = —log< — 1>
a pi +1

The optimization problem (6.5) can be rewritten into the Lagrangian by introducing the La-

grange multipliers:

L(w, b &6 6 0t u " y) = gl + CY 6+ Y (6 +&)

=1 1=n+1
= ai(yi(w, @) +b) — (1= §&)) Zﬁz&
=1
= i ((w, ) +0) = (27 =) — > &
i=n+1 i*TH-l
— > w6 = (w, ) + b)) Z vrEr
i=n+1 i=n+1

where >0, 3> 0, ut >0, u~ >0,v" >0and vy~ >0.
After computing the derivatives with respect to w, b, £, £~ and £, and after applying simpli-
fications (see Appendix [B.2]) and the kernel trick, the dual formulation of (6.5) to be maximized

is given by
1 n n m n
maximize — — §Zzaiajyz‘yjk(%wj) + )Y k(s egy (- py)
GHTH i=1 j=1 i=n+1 j=1
n m m
DD DTS [ PR SUSE o e Dl s
i=n+1j=n+1 =1 i=n+1 i=n+1
n m m
subject to Zaiyi — Z uj + Z p; =0
i=n i=n+1 i=n+1
0<ao; <C, i=1,....n
Ogujgé, i=n+1,....m
0<pu <C, i=n+1,....m
(6.6)

Being the decision function

x) = sign (Z ayik(x;, ) — Z (1 — p) k(zs, @) + b) (6.7)
i=1 '
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The pSVM method allows including both qualitative and quantitative information into the class
of each observation combining the SVM for binary classification approach and a regression loss.
The uncertainty of a non exact observation has to be specified into the (0, 1) interval, which can
be difficult depending on the data characteristics.

The decision function is similar to the one in the classical SVM, except that in pSVM the

parameters associated to the non-exact observations are included.

6.2.2 Application to survival data

Shiao and Cherkassky (2013), following the same idea that in the LUPI approach, suggest to
use as a probability for censored observations the proportional time of follow-up, as described
in Section (6.1.2), i.e.,

0, if observation is an event

. (6.8)

=, if observation i is censored
being T and 7 the observed follow-up time and the maximum follow-up time established, re-
spectively.

Our proposal, following the same idea, is to use the conditional survival Kaplan-Meier prob-

ability for the censored observations.

6.2.3 Parameters and kernels

The pSVM model has two tuning parameters C' and 5, that control the relative weighting
of classification and regression performances, respectively. Besides that, there are parameters
associated with the kernel. Our proposal, to test the performance, is to use the linear and
Gaussian kernel. Regarding the treatment of the censored data both proportional time to

follow-up and conditional survival approach are tested.

6.3 Semi-supervised support vector machines using local invari-

ances

A different perspective to treat the censoring data and not considered in the SVM literature is as
a semi-supervised problem. In the semi-supervised setting there are known classes and unknown
classes and the main goal is to learn from both types of training data to find the decision surface
that separates both classes from known data. Some recent approaches have been done in a non-
SVM context like in Liang et al. (2016), in which the authors proposed the L, /, regularization
approach in the semi-supervised learning method in a cancer survival analysis context.

The first approach of Semi-Supervised SVM (S?*VM) was implemented by Joachims (1999).
After that other approaches have been introduced, most of them are based on solving the
standard SVM while treating the unknown classes as additional optimization variables. By
maximizing the margin in the presence of unknown data, one learns a decision boundary that

traverses thought low data-density regions while respecting classes in the input space. This
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approach assumes that points in a data cluster have similar classes. The main issue with
S3VM approach is that is related to a non-convex optimization problem. Most of the different
approaches try to solve this issue (Chapelle et al., 2008).

In a non-SVM specific context, Lee et al. (2006) propose as framework of semi-supervised
learning in RKHS using local invariances? that explicitly characterize the behaviour of the target

function around both known and unknown data. The authors propose three types of invariances:

1. Invariance to small changes to the observations: restricting the gradient of the function to

be small at the observed data.

2. Invariance to averaging across small neighbourhood around observations: restricting the
function value at each observation to be similar to the average value across a small neigh-

bourhood of that observation.

3. Invariances to local transformation, like rotational and translational invariance: this in-
variance is specially focused in problems such handwritten digit recognition and vision

problems.

In this thesis, first and second invariances are described and compared. The third invariance
is not considered due to it’s focused in a different field than the survival analysis. These three

local invariances can be summarized by two local invariances assumptions:

e The target function does not change much in the neighbourhood of each observed data;
this is the case when observations from the same class are clustered together and away
from observations from the other class. Therefore, the decision function is encouraged to

fall in regions of low data density.

e Invariance to certain local transformations.

Before going to the optimization problem itself (Section 6.3.2) defined by Lee et al. (2006),
some preliminary concepts need to be addressed.
6.3.1 Preliminaries

Definition 6 (Linear Operator and Functional). A linear operator T is a mapping from a vector

space X to a vector space Y, such for all x,y € X and scalar o,

Tx+y)=Tx+Ty
T(ax) =aTx

If the range Y C R, the operator is called a functional.

2Prior knowledge in machine learning, and specifically in SVM for classification is known as class-invariance.
A very common type of prior knowledge in binary classification is the invariance of the class to a transformation
of the input variables. This type of knowledge is referred as transformation-invariance, but there are others type

of invariances related to the prior knowledge.
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Definition 7 (Bounded Linear Operator). Let T : X — Y be a linear operator on a normed
spaces X and Y. The operator T is said to be bounded if there exists some ¢ > 0 such that for
allz € X

ITz]| < cf|«]

The smallest value of ¢ such that the inequality holds for all nonzero x € X is called the norm

of the operator and denoted ||T||.

Theorem 3 (Riesz). Every bounded linear functional L on a Hilbert space H can be represented
in terms of an inner product

L(z) = (z, 2), Ve e H

where the representer of the functional, z, has norm
2] = [IL]]
and is uniquely determined by L.

When H is a RKHS the representer of the functional has the form

z(x) = (z,k(z, ")) = L(k(z,-))

Riesz’s theorem allows to represent functionals related to local invariances as elements of the
RKHS.

6.3.2 Optimization problem

According to Lee et al. (2006), let (z1,y1), ..., (2, y;) be the usual training data, and ls(y, g(x))
be the loss function on g when training input « belong to class y. The method measure deviations
from local invariances around each known or unknown input observation and express these
as bounded linear functional L;11(g),...,Ln(g) on the RKHS H. The linear functionals are
associated with another loss function /;(L;(g)) penalizing violations of the local invariances.
After including a squared loss function as a regularization term and putting these loss functions

together the function to be minimized is

n l
pllgl® +p2 D Li(Li(g)) + Y la(yi, g(w:) (6.9)
=1

i=l+1
where p; > 0 and po > 0 are the relative strengths of the loss functions, [ is the number of known
classes and (n — [ — 1) is the number of unknown classes. As stated by the authors reasonable
examples of [y include logistic loss, hinge loss and squared loss. Examples of /; include the
squared loss, absolute loss and e-insensitive loss. The main reason for these loss functions is
that all of them are convex and result in convex optimization problems finding the optimal ¢°.
The loss function that we propose is the hinge loss for the l5: the classical SVM formulation

described in (3.15) is equivalent to an optimization problem using the hinge loss (Friedman et al.,

3The convexity property ensure that any local minimum must be a global minimum.
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2001), so the formulation is equivalent to SVM. With regards the [; function, we propose the
e-insensitive loss function. It is important to show that a representer theorem can be derived
showing that the solution of the optimization problem lies in the span of a finite number of

functions associated with the known classes and the functionals.

Theorem 4. Let L;,i =1+ 1,...,n, be bounded linear functionals in the reproducing kernel

Hilbert space H defined by the kernel k. The solution of the optimization problem
l
9" —argmlangH + p2 Z h(Li(9) + > la(vir 9(:))
eH —
i=l+1 =1
for p1 and pa,> 0 can be expressed as
l n
= Zaik(mi, ) + Z aizi(~)
i=1 i=l+1
where z; is the representer of L;.
After introducing the hinge loss and e-insensitive loss into expression (6.9), we obtain the

following optimization problem to minimize

l

mln;rbnlze pillgl? + po Z (& +&)+ Z'Yi

i=l+1 i=1
subject to  — (g, z;) —b < e+, 1=1+1,...,n,
(g,2zi) +b< e+, 1=1+1,...,n,
(6.10)
§& >0, i=1+1,...,n,
& >0, i=1+1,...,n,
vi =0, i=1,...,1
Adding the Lagrange multipliers we construct the Lagrangian
n l n
L(g,b,&,¢ 7.8, 8 ., n,n") = pullgl> +p2 D (G+E)+ D vi— Y (& +1€)
i=l+1 i=1 i=l+1
n
— Y aile+ &+ (g,2) +b)
i—l+1
- Z €+£z <gazi>_b)
i=l+1
!
+Zﬁ 1_yl(<ga¢(mz) +b ZB@’W
i=1

(6.11)



62 Chapter 6. Material and Methods

After computing the corresponding derivatives with respect the primal variables and after ap-

plying simplifications (see Appendix [B.3]). The dual formulation to be maximized becomes:

l l n n
maximize  — g g g B Biyiysk(zi, xj) — B E E (ziy 2j) (i — o7 ) (e — af)

.ot i=1 j=1 =11 j=i+1
l n n l
=D By oy —af) = Y elai+ai)+ Y B
i=1 j=I+1 i=l+1 i=1 (6.12)
subject to 0 < ay < po, i=1+1,...,n
OSOZ:SPQ; Z=l+1,,n
0< B <1, i=1,....1

and the decision function is given by

l n
f(z) = sign (Z Biyik(z, @) + Y zi(@)(ai — a?)) (6.13)
=1

i=l+1
The term z; in equation (6.13) allows applying the desired invariance, i.e., the representer of the
specific functional. The decision function has two parts, one for the known classes similar to the
classical SVM, and the other related to the unknown classes.

This SVM approach will be referred from now on as inSVM (invariances SVM).

6.3.3 Derivative invariance

Given the Gaussian kernel expressed as exp(—#”w — 2'||?), Lee et al. (2006) show that the

evaluation of the representer of the derivative functional for the Gaussian kernel is

Za; ; (@) = ﬁ(mj - mg)exp(*f‘gﬂw - i) (6.14)

and the dot product is expressed as

o oy [ D el mlt) A
Ti,j) “Tp,q/ T j j if j |
o107 = (@] —ap)?) exp(—gpallwi — zp*)  ifj=gq

where o is the parameter of the Gaussian kernel, ¢ and p represents the observation indices and
j and ¢ are the indices of the specific variable of the specific & vector. Taking into account this,
in (6.12) we have to calculate the corresponding zz, ;(x) and (zg, ;, 2z, ,) for all covariates in

every sum they appear.

6.3.4 Local averaging invariance

Another type of local invariance is the local averaging one. Lee et al. (2006) show that the
Gaussian kernel together with the Gaussian density function satisfies that Lg,(g) is a bounded
linear functional and allows to be implemented efficiently. So, being the Gaussian kernel

1
k(x1,x2) = eXP(—T‘zH"L’I — x,[%)
i
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and the Gaussian density

1 1,
o) = esp (gl

S
3
M|
S

U

and given that the convolution of a Gaussian density with another Gaussian density is a Gaussian

density, the representer of the local average functional is expressed as

d
O

1 2 1 2
()= —F S — oy - Nl — 6.16
@) = e (gl = el ) e sl o) (610)
and the dot product

d
O

1 2
Z.,Z.:L.Z_:iex - @ — 2
< T mj> mz( m]) (O_k+20_p)2 p< 2(0’k+20’p>2H 7 JH >
od
k

1
SN/ S (R S p—
(O’k —l—Up)d Q(Uk +Gp)2 J

where o}, and o0, are the sigma values specified for the Gaussian kernel and Gaussian density

(6.17)

respectively, d the number of covariates or directions and z, (x;) is defined as (6.16).

6.3.5 Application to survival data

Our proposal is to treat censored observations, during the follow-up period, as unknown classes

and events and non-events at the end of follow-up as known classes.

6.3.6 Parameters and kernels

The number of parameters and kernels to be tuned depends on the local invariances approach.
For the derivative invariance, that is based on the Gaussian kernel, this one is used. Similarly,
for the averaging invariance the Gaussian kernel is used as well as the Gaussian function that

defines the width of averaging.

6.4 Weighted support vector machines

Another approach that has not been tested in the literature is to address the survival-SVM as
a weighted SVM problem. The basic idea of weighted support vector machines (wSVM) is to
assign to each observation a different weight according to its relative importance in the class
such that different data points contributed differently to the learning of the decision surface
(Yang et al., 2007). This methodology is focused mainly on the treatment of outliers, since if
there is a way to detect outliers we can diminish their effect in the estimation of the separating

hyperplane. Given the known weights W, the training data set becomes
(@i, yi, Wi), s € R y; € {£1},W; € [0, 1]

foralli=1,...,n.
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6.4.1 Optimization problem

The optimization problem is nearly identical to the classical SVM expression, except by the

weight vector W that multiplies the slack variable &,

o] -
minimize §||w”2+CZWifi

wé i—1
. . (6.18)
subject to & > 0, i=1,...,n
The dual formulation becomes
mingnize — Z Z a;0yiyik(xi, x4) Z oy
i=1 j=1
subject to 0 < oy < CW;, i=1,...,n (6.19)
n
Zaiyi:O, 1=1,...,n
i=1

being the decision function the same as in usual SVM

f(x) = sign (Z aik(x;, ©)y; + b) (6.20)

i=1
The only difference between SVM and wSVM is the upper bound of the Lagrange multiplier
a in the dual problem, that instead of being C' is CW; (equation [6.19]). This implies that,
depending on the weight assigned to an observation that becomes a support vector, the effect of
this support vector to the training procedure is reduced compared to the standard SVM training.

This does not apply when C — oo and C' — 0, then the performance of wSVM and classical
SVM are identical.

6.4.2 Application to survival data

The censored observation can be seen as a partial or weighted observation, since for example an
observation censored just at the beginning of the study is adding no information to the data,
i.e., the weight of this observation should be close to 0. A censored observation just before the
end of the follow-up period should be treated almost as complete observation (a weight close
to 1). Applying this approach the censored observation can be treated as a weighting problem.
The issue is which weight use. Our proposal, following the same idea than the previous methods
is to compare the performance of a proportional time to follow-up approach as suggested by
Shiao and Cherkassky (2013) and our proposal using a conditional survival approach, based on

the Kaplan-Meier estimator as defined in (2.1).

6.4.3 Parameters and kernels

Our proposal is to evaluate the performance of this method using only the Gaussian kernel.



Chapter 7

Simulation Study

In this chapter we evaluate the performance of the proposed methodology described in Chapter 6
by means of a simulations study. The main model we have taken as reference is the proportional
hazards model
Altl;) = Ao(t) exp((zi, B))

The simulated scenarios take as reference the characteristics of the malaria parasite (specifically
the Plasmodium Falciparum parasite) and an usual cytokine and chemokine panel trying to re-
produce, specifically, Mal067 study and malaria-cytokine based projects. A total of 24 scenarios
are considered and compared.

Within this chapter, we first present in Section 7.1 the scenarios that are compared and the
overall simulation approach. The tuning parameters and testing models scheme are presented in
Section 7.2. In Section 7.3 the metrics used to test the performance of the methods by simulated

scenario are described. Finally, the simulations results are summarized in Section 7.4.

7.1 Simulation of scenarios and data generation

7.1.1 Generation of covariates

The covariates are created following a similar pattern to the Mal067 cytokines and chemokines
data. In each simulated dataset 30 variables are generated following a multivariate normal
distribution:

2 ~ Nao(j1, ) (7.1)

Being the mean of each variable a realization of a Uniform distribution U(0.03,0.06) and the

covariance matrix X:
0.7, ifi=3j.
Y= (7.2)
Cov(w;, x;), otherwise.

fori=1,...,30 and j = 1,...,30. The 3 matrix for all ¢ # j is calculated so that there are 4

blocks of correlated variables with the following Pearson’s correlation:

e No correlation (around 0).

65
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e Low correlation (around 0.2).

e Medium correlation (around 0.5).

e High correlation (around 0.8).

An example of the distribution of a randomly selected dataset and the correlation matrix is
shown in appendix Figure C.1 and appendix Figure C.2, respectively.
7.1.2 Generation of time-to-malaria

Two time-to-malaria scenarios, within the context of Cox proportional hazards model, are com-
pared. According to Sama et al. (2006) and Bejon et al. (2013) the parametric distribution that
fits better time-to-malaria for the P.falciparum parasite is a Gompertz distribution. Following
Bender et al. (2005), in the proportional hazards framework the time-to-event variable can be

generated, based on the Gompertz distribution as

1 alog(U) >
T=—log|ll———— 7.3
coe (1= Sita 2 73
being the hazard function expressed as
A(tl;) = yexp((B, i) exp(at) (7.4)

where U is a variable following a Uniform (0,1) distribution, 3 is the coefficients variable vector,
a € (—o00,00) and v > 0 are the scale and shape parameters of the Gompertz distribution®
(Figure 7.1).

Modifying the method proposed in Bender et al. (2005) to violate the proportional hazards
assumption, a noise has been added into the exp((3,«;)) term in (7.3) and (7.4), forcing the
hazard to be a shared frailty model (Duchateau and Janssen, 2007). Therefore, a common

variability, called frailty, following a Gaussian distribution has been added:
w; ~ N(0,5) (7.5)
so that the proportionality of hazards only holds conditional to the frailty w;

A(t]aiz) = @y exp((B, ®:)) exp(at) (7.6)

The frailty has been simulated so that there are 5 groups of observations with same size that
share a common frailty w;,j =1,...,5.
For both scenarios, proportional and non-proportional hazards, the o and v parameters are

selected so that the malaria at 18 months is around 0.6 (Agnandji et al., 2011).

7.1.3 Generation of censoring

Two types of censoring scenarios are compared, one scenario related to the proportion of cen-

soring and the other based on the distribution along follow-up time.

!The parametrization used in Bender et al. (2005) is slightly different than the classical one showed in Section
2.3.3.



7.1. Simulation of scenarios and data generation 67

Figure 7.1: Distribution of time-to-malaria following the Cox-Gompertz distribution described

in equation (7.3). In this example parameters selected are o = 0.013 and vy = 3.3 x 1076,
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Proportion of censoring

Based on the proportion of censored data during the follow-up two opposites scenarios are

chosen:

e 10% of censoring, since this is an scenario with a small amount of censored observations

should not affect estimations.

e 30% of censoring, since this is an scenario with a big amount of censoring and methods
should be affected.

Distribution of censoring
Based on the distribution along time 3 different distributions have been simulated:
e Uniform distribution (zero skew): the censoring is distributed along the time uniformly.

To guarantee a fixed percentage c of censoring we have to use a U (0, Cypax) Where the Cpax

term is calculated as follows

o0 L | 1 o0 1
Chnax = P(C < T) = /0 dy /0 W= /O uf(y)dy = & —E(T)

Being T' the simulated time-to-malaria variable. So the Uniform distribution will follow

c~U (0, 52)

’ Cm ax
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e Positively skewed distribution: the censoring is based on a exponential distribution whose

probability density function, as shown in (2.3.1), is

f(z) = Aexp(~Az)

where A > 0 is the rate parameter. For each scenario the rate parameter was found so

that the percentage of censoring achieves the desired censoring.

o Negatively skewed distribution: in order to have an exponential distribution but negatively
skewed we can invert the skewness distribution by replacing the cumulative distribution
F by its complement F’ = 1 — F', obtaining the complementary distribution function that
gives a mirror image. We can add a constant ¢ so that we obtain non-negative values, then

probability distribution is given by
f(z) = =Xexp(—Az) + ¢

where A > 0 is the rate parameter. For each scenario the rate parameter have been found
so that the percentage of censoring achieves the desired censoring. The constant ¢ have

been fixed to be the minimum observed value so that all censoring times are non-negative.

An example, of the three censoring distributions used in the simulated scenarios is shown in

Figure 7.2.

Figure 7.2: The three distributions selected for simulating the censoring patterns. In this

representation A = 0.5 is used, for both exponential distributions and Uniform(0,5) is shown.
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7.1.4 Number of observations

Two scenarios are compared related to the number of observations, one with 300 observations

and another one with 50.

7.1.5 Comparison of methods

The methods to be compared are the ones described in Chapter 6. Specifically, the methods,

parameters and values evaluated are:

e Cox proportional hazards model.

e Kernel Cox regression: the values used for tuning the Gaussian kernel are 0.25, 0.5, 1, 2
and 4.

e Weighted support vector machines: two approaches are used; one defining the weights of
the censored observations as proportional to the follow-up time, and another one using
conditional survival. The values used for tuning the parameter C' are 0.1, 1, 10 and 100,
and for the kernel 0.25, 0.5, 1, 2 and 4.

e Support vector machines with uncertain classes: two kernels have been tested (linear and
Gaussian kernels). The probabilities of the censored observations have been estimated
using the proportional and the conditional survival methods. The grid values search for
the Gaussian kernel are 0.25, 0.5, 1, 2 and 4. The C and C tested values are 0.1, 1, 10
and 100. The n value has been fixed to 0.0001.

e Support vector machines learning using privileged information: Gaussian kernel and linear
kernel are used for the decision and correcting space respectively. For the latter two
approaches based on proportionality of follow-up time and conditional survival have been
compared. For the Gaussian kernel the values used in the grid search are 0.25, 0.5, 1, 2
and 4. The cost values of the misclassification parameter C are 0.1, 1, 10 and 100. The

weight used for the correcting space, v, has been tested to 0.1, 1, 10 and 100.

e Semi-supervised support vector machines using invariances: both derivative and gradient
invariances have been implemented. The parameters tested have been 0.25, 0.5, 1, 2 and 4
for both Gaussian kernel and Gaussian density (only for averaging invariances). The values

considered for pp are 0.1, 1, 10 and 100 (for both gradient and averaging approaches).

7.2 Evaluation criteria and tuning parameters

To tune parameters and evaluate the performance of each method and scenario a training-
validation-test approach has been applied. Figure 7.3 illustrates the steps involved in the sim-
ulation approach by each one of the scenarios and methods. The simulation study is based on

two steps:
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1. Tuning parameters: for each combination of parameters 10 training datasets are fitted and
validated using 10 different validation datasets. The accuracy, for each parameter com-
bination, is measured 10 times and averaged. The parameters combination with highest

accuracy is the one selected and used to test the models.

2. Test methods: 10 training datasets, different from all datasets used in the tuning param-

eters step, are simulated and fitted with the best combination found in tuning parameters
step. For each one, 10 testing datasets are used to assess prediction and four metrics
have been measured in order to evaluate the performance. Therefore, 100 datasets, have
been tested. The mean and the standard deviation of the metrics is used as a summary

performance of each method.
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7.3 Metrics to evaluate model performance

As SVM is a binary classification method, most of the metrics used are based in a 2 x 2 con-
tingency table as shown in Table 7.1. In the process of tuning parameters we have used the
training datasets and the validation dataset. Although, we know exactly who have an event
during the follow-up period, in real data, due to the censoring, this information is unknown. For
this reason, to tune the parameters the accuracy is used only for events and non-events at the
end of follow-up, i.e., censoring during follow-up time is not used. For testing the methods, all
available information is used. In the Cox model there are no tuning parameters, thus the model
has not been trained with the training data and has been tested directly. The metrics used are:
accuracy, Matthews correlation coefficient, normalized mutual information and area under the
ROC curve.

Table 7.1: Predicted malaria and true malaria contingency table for all combinations. The
notation inside the table stands for: ¢p: true positives; fn: false negatives; fp: false positives;

and tn: true negatives.

Predicted malaria

_|_ -
+ t n

True malaria b !
- fp tn

Accuracy

The accuracy measures the proportion of correct classified observations over the total

predicted observations.

tp +1tn
Accuracy = 7.7
Y ot tn+ fp+ fn (7.7)
Matthews correlation coefficient
This correlation coefficient is expressed as
tp xtn— fpx fn
MCC = / (7.8)

V{tp+ fn)(tp + fp)(tn + fp)(tn+ fn)
The M CC coefficients lies between —1 and +1. A value of —1 indicates total disagreement
between predicted and true malaria, a value of 0 completely random predictions and +1

total agreement between prediction and reality.

Normalized mutual information

This approach measures a normalized version of the mutual information metric which
represents the reduction in uncertainty of one variable when the other is observed. The

expression is as follows:

MI
NMI = — 7.9
it (79)
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where M1 is the mutual information and H is the maximum value that can be achieved
by the MI. Being,

tp tn fp fn tp tp+ fptp+ fn fn tp+ fntn+ fn
MI=-FE|—,—,—,— | — —log — —log
n'n' n’'n n n n n n n
fp tp+ fptn+ fp tn tn+ fntn+ fp
— —log — —log
n n n n n n
(7.10)
where n is the total number of observations and
tp tn fp fn tp tp tn tn
E Ty Ty Ty T :—7log - —710g —
n'n' ' n’'n n n n n
(7.11)

_fr, <fp> _fn <fn>
og log
n n n n

is the usual entropy. The normalized version is achieved by the boundary H expressed as

tp+ fn tp+ fn tn+ fp tn+ fp
— log - log
n n n

n

H =

(7.12)

As it has been explained the NM1I is a normalized version of the mutual information,
this means that when the NM1I is 0 the prediction is totally random and when is 1 the

prediction is perfect.

Area under the ROC curve

The area under the ROC curve, sometimes referred also as C-statistic (Harrell et al., 1984)
or AUC, is a way of summarizing the discrimination ability of a model. The AUC is the
probability in a random pair of observations, one with malaria and one with no malaria,
the malaria observation has a higher probability than the other. The AUC thus gives the
probability that the model correctly ranks such pairs of observations. An AUC of 0.5 is
randomly discrimination and 1 perfect discrimination of malaria/non-malaria observations.
For the Cox proportional hazards model the linear predictor obtained from the trained
model and the true status of the test data have been used. For the SVM models the

decision value has been used together with the true status of the test data.

For all models the described metrics are summarized using the mean and the standard

deviation.

7.4 Simulation results

In this section main results are described by scenario and method. Differences in performance
by proportionality of hazards, proportion of censoring, distribution of censoring and sample size
are addressed from Section 7.4.2 to 7.4.5. Herein, for the purpose of illustration, the uniformly
skewed censoring distribution results are described, all other tables summarizing the results are
presented in Appendix C.2. Simulated datasets summary results are shown in appendix, from
Table C.1 to Table C.4 and from Figure C.3 to Figure C.6.
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Table 7.2: Proportional hazards, zero skew, 10% and 30% censoring and 300 observations

scenarios results. Mean (standard deviation) is shown.

10% Censoring 30% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.89 (0.02)  0.78 (0.03)  0.50 (0.05)  0.96 (0.01) 0.89 (0.02)  0.79 (0.04)  0.51 (0.06)  0.96 (0.01)
Kernel Cox 0.81 (0.02)  0.62 (0.05)  0.30 (0.05)  0.88 (0.02) 0.80 (0.02)  0.59 (0.04)  0.26 (0.05)  0.86 (0.02)
wSVM-KM 0.75 (0.03)  0.50 (0.06)  0.19 (0.05)  0.87 (0.02) 0.68 (0.02)  0.39 (0.05)  0.11 (0.03)  0.86 (0.03)
wSVM-Prop 0.75 (0.03)  0.50 (0.06)  0.18 (0.05)  0.87 (0.02) 0.68 (0.02)  0.38 (0.05)  0.11 (0.03)  0.85 (0.02)
pSVM-linear-KM 0.88 (0.02)  0.73 (0.04)  0.46 (0.05)  0.95 (0.01) 0.88 (0.02)  0.72 (0.05)  0.43 (0.07)  0.95 (0.02)
pSVM-linear-prop 0.87 (0.02) 0.73 (0.04) 0.45 (0.05) 0.95 (0.01) 0.86 (0.02) 0.72 (0.05) 0.42 (0.07) 0.94 (0.02)
pSVM-radial-KM  0.79 (0.02)  0.57 (0.05)  0.25 (0.05)  0.88 (0.02) 0.79 (0.02)  0.58 (0.04)  0.27 (0.04)  0.86 (0.02)
pSVM-radial-prop ~ 0.77 (0.02)  0.57 (0.05)  0.24 (0.05)  0.88 (0.02) 0.77 (0.02)  0.58 (0.04)  0.27 (0.04)  0.86 (0.02)
LUPI-linear-KM 0.78 (0.03)  0.56 (0.05)  0.28 (0.05)  0.84 (0.03) 0.77 (0.02)  0.55 (0.05)  0.27 (0.06)  0.84 (0.03)
LUPI-linear-prop 0.77 (0.03)  0.55 (0.05)  0.28 (0.05)  0.84 (0.03) 0.77 (0.02)  0.55 (0.05)  0.27 (0.06)  0.84 (0.03)
inSVM-gradient 0.84 (0.02)  0.68 (0.05)  0.37 (0.06)  0.92 (0.02) 0.80 (0.02)  0.60 (0.05)  0.28 (0.05)  0.89 (0.02)
inSVM-averaging  0.83 (0.02)  0.66 (0.05)  0.35 (0.06)  0.92 (0.02) 0.83 (0.02)  0.66 (0.05)  0.35 (0.06)  0.92 (0.02)

Table 7.3: Non-proportional hazards, zero skew, 10% and 30% censoring and 300 observations

scenarios results. Mean (standard deviation) is shown.

10% Censoring 30% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.71 (0.02)  0.39 (0.05)  0.10 (0.03)  0.77 (0.03) 0.70 (0.03)  0.39 (0.06)  0.10 (0.04)  0.77 (0.03)
Kernel Cox 0.67 (0.02)  0.33 (0.05)  0.10 (0.04)  0.71 (0.03) 0.67 (0.03)  0.32 (0.06)  0.08 (0.04)  0.70 (0.03)
wSVM-KM 0.65 (0.02)  0.24 (0.05)  0.01 (0.02)  0.71 (0.03) 0.61 (0.02)  0.16 (0.06)  0.01 (0.02)  0.71 (0.03)
wSVM-Prop 0.64 (0.02)  0.24 (0.05)  0.01 (0.02)  0.70 (0.03) 0.61 (0.02)  0.17 (0.07)  0.01 (0.02)  0.70 (0.03)
pSVM-linear-KM  0.72 (0.03)  0.39 (0.05)  0.13 (0.04)  0.77 (0.03) 0.69 (0.03)  0.37 (0.05)  0.13 (0.03)  0.75 (0.03)
pSVM-linear-prop ~ 0.70 (0.03)  0.38 (0.05)  0.13 (0.03)  0.76 (0.03) 0.69 (0.03)  0.37 (0.05)  0.13 (0.03)  0.75 (0.03)
pSVM-radiall KM 0.66 (0.02)  0.28 (0.05)  0.03 (0.03)  0.70 (0.03) 0.66 (0.03)  0.31 (0.07)  0.10 (0.04)  0.70 (0.03)
pSVM-radial-prop 0.66 (0.02) 0.28 (0.05) 0.03 (0.03) 0.70 (0.03) 0.66 (0.03) 0.31 (0.07) 0.08 (0.05) 0.70 (0.03)
LUPI-linear-KM 0.65 (0.02)  0.27 (0.05)  0.03 (0.03)  0.70 (0.03) 0.65 (0.03)  0.31 (0.05)  0.13 (0.05)  0.70 (0.03)
LUPI-linear-prop  0.65 (0.02)  0.27 (0.05)  0.03 (0.03)  0.70 (0.03) 0.65 (0.03)  0.31 (0.05)  0.13 (0.05)  0.70 (0.03)
inSVM-gradient 0.70 (0.02)  0.38 (0.05)  0.11 (0.03)  0.76 (0.02) 0.67 (0.03)  0.33 (0.06)  0.11 (0.03)  0.72 (0.03)
inSVM-averaging 0.70 (0.02) 0.38 (0.05) 0.11 (0.03) 0.76 (0.02) 0.69 (0.03) 0.37 (0.05) 0.13 (0.03) 0.76 (0.03)

7.4.1 General results

For all scenarios, within the 300 observations and proportional hazard scenario, the Cox model
and pSVM (linear kernel) perform similar to inSVM (gradient and averaging) with metrics
closest to the two best methods described. Specifically, the accuracy is around 0.89 for the Cox
model, 0.87 for the linear pSVM and 0.84 for inSVM (Table 7.2). For the AUC metric the Cox
model perform 0.96, pSVM 0.95 and inSVM 0.92. The distribution and proportion of censoring
do not affect results in general, although from the three methods described inSVM-gradient

seems most affected by the proportion of censoring.

Considering the 50 observations scenario and proportionality of hazards, results are the
opposite, being the best performance the 10% censoring scenario for pSVM, inSVM and kernel
Cox regression with an accuracy around 0.75. The worst model in this scenario is Cox model,
wSVM and pSVM-radial with an accuracy of 0.67, 0.62 and 0.65, respectively. Increasing the
proportion of censoring to 30% does not affect the overall performance of the SVM methods,

with the exception of wSVM. The Cox model is clearly affected.

The non-proportionality scenarios metrics are lower than the proportional ones. The largest

difference between proportionality compared to non-proportionality is in the 300 observations
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Table 7.4: Proportional hazards, zero skew, 10% and 30% censoring and 50 observations

scenarios results. Mean (standard deviation) is shown.

10% Censoring 30% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.67 (0.11)  0.42 (0.19)  0.23 (0.11)  0.66 (0.14) 0.54 (0.11)  0.34 (0.18)  0.11 (0.11)  0.56 (0.1)
Kernel Cox 0.74 (0.07)  0.47 (0.13)  0.20 (0.12)  0.78 (0.07) 0.72 (0.08)  0.46 (0.15)  0.17 (0.12)  0.77 (0.09)
wSVM-KM 0.62 (0.04)  0.21 (0.16)  0.05 (0.10)  0.77 (0.08) 0.54 (0.05)  0.16 (0.10)  0.01 (0.02)  0.76 (0.09)
wSVM-Prop 0.61 (0.04)  0.21 (0.16)  0.05 (0.10)  0.77 (0.08) 0.53 (0.05)  0.15 (0.11)  0.01 (0.02)  0.75 (0.08)
pSVM-linear-KM 0.77 (0.09)  0.54 (0.17)  0.26 (0.14)  0.86 (0.08) 0.75 (0.07)  0.50 (0.15)  0.22 (0.12)  0.83 (0.07)
pSVM-linear-prop 0.75 (0.07) 0.50 (0.14) 0.25 (0.12) 0.84 (0.07) 0.75 (0.07) 0.49 (0.15) 0.21 (0.13) 0.83 (0.07)
pSVM-radial-KM  0.65 (0.05)  0.26 (0.16)  0.07 (0.09)  0.77 (0.07) 0.66 (0.07)  0.33 (0.16)  0.36 (0.27)  0.77 (0.08)
pSVM-radial-prop ~ 0.64 (0.05)  0.23 (0.17)  0.06 (0.10)  0.77 (0.07) 0.64 (0.07)  0.31 (0.16)  0.29 (0.34)  0.77 (0.08)
LUPI-linear-KM 0.70 (0.08)  0.42 (0.13)  0.26 (0.15)  0.76 (0.08) 0.71 (0.08)  0.40 (0.16)  0.18 (0.12)  0.74 (0.09)
LUPI-linear-prop 0.70 (0.08)  0.42 (0.13)  0.26 (0.15)  0.76 (0.08) 0.70 (0.08)  0.40 (0.16)  0.18 (0.12)  0.74 (0.09)
inSVM-gradient 0.76 (0.07)  0.52 (0.15)  0.23 (0.13)  0.84 (0.07) 0.74 (0.07)  0.47 (0.14)  0.20 (0.11)  0.82 (0.07)
inSVM-averaging  0.77 (0.07)  0.52 (0.15)  0.24 (0.13)  0.85 (0.07) 0.75 (0.06)  0.49 (0.13)  0.21 (0.11)  0.83 (0.07)

Table 7.5: Non-Proportional hazards, zero skew, 10% and 30% censoring and 50 observations

scenarios results. Mean (standard deviation) is shown.

10% Censoring 80% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.59 (0.05)  0.14 (0.15)  0.04 (0.07)  0.55 (0.07) 0.58 (0.06)  0.11 (0.19)  0.07 (0.10)  0.53 (0.07)
Kernel Cox 0.61 (0.08)  0.22 (0.15)  0.15 (0.17)  0.64 (0.07) 0.63 (0.07)  0.24 (0.15)  0.07 (0.09)  0.64 (0.08)
wSVM-KM 0.62 (0.04)  0.08 (0.14)  0.02 (0.03)  0.64 (0.07) 0.59 (0.03)  0.05 (0.15)  0.02 (0.01)  0.64 (0.08)
wSVM-Prop 0.60 (0.04)  0.09 (0.14)  0.02 (0.03)  0.64 (0.07) 0.59 (0.03)  0.05 (0.15)  0.02 (0.01)  0.64 (0.08)
pSVM-linear-KM 0.63 (0.07) 0.23 (0.14) 0.08 (0.08) 0.66 (0.09) 0.61 (0.08) 0.22 (0.17) 0.11 (0.09) 0.66 (0.09)
pSVM-linear-prop ~ 0.61 (0.07)  0.21 (0.14)  0.07 (0.07)  0.65 (0.09) 0.59 (0.09)  0.17 (0.18)  0.11 (0.09)  0.63 (0.09)
pSVM-radial-KM  0.63 (0.04)  0.14 (0.14)  0.04 (0.09)  0.63 (0.08) 0.61 (0.06)  0.17 (0.16)  0.10 (0.21)  0.63 (0.09)
pSVM-radial-prop ~ 0.61 (0.04)  0.14 (0.14)  0.10 (0.21)  0.63 (0.08) 0.56 (0.07)  0.12 (0.14)  0.31 (0.36)  0.63 (0.09)
LUPI-linear-KM 0.62 (0.07)  0.22 (0.15)  0.07 (0.08)  0.63 (0.08) 0.62 (0.07)  0.18 (0.16)  0.03 (0.07)  0.63 (0.09)
LUPI-linear-prop 0.61 (0.07)  0.20 (0.15)  0.07 (0.08)  0.63 (0.08) 0.62 (0.07)  0.18 (0.16)  0.03 (0.07)  0.63 (0.09)
inSVM-gradient 0.66 (0.07)  0.27 (0.14)  0.06 (0.07)  0.67 (0.08) 0.64 (0.07)  0.27 (0.15)  0.10 (0.10)  0.69 (0.09)
inSVM-averaging 0.66 (0.07)  0.28 (0.14)  0.07 (0.07)  0.67 (0.09) 0.65 (0.07)  0.28 (0.16)  0.11 (0.11)  0.68 (0.09)

scenario (Table 7.3) compared to the 50 observations one (Table 7.5).

7.4.2 Proportionality of data

The proportionality of data influences the performance of all methods tested. In the 300 ob-
servations scenarios the decrease in accuracy of the pSVM (linear kernel) and the Cox model is
similar, around 0.2 units, in Matthews correlation around 0.4 and around 0.2 in the AUC (Table
7.2 and 7.3). For the NMI the decrease in Cox model is around 0.4 and in pSVM around 0.3.
The third method with more observed differences in the performance is inSVM and kernel Cox
regression with a decrease of around 0.14 units in accuracy, both of them. The decrease in the
performance of the other methods (wSVM, pSVM-radial and LUPI) due to the proportionality
of hazards is similar: around 0.11, 0.22, 0.13 and 0.16 in accuracy, Matthews correlation, NMI
and AUC, respectively.

The performance of the conditional survival methods compared to the proportional ones is
similar within each one of the two proportionality of hazards scenarios, not showing a clear
difference between both approaches.

In the 50 observations scenarios the major differences are observed in SVM methods, specially

in the 10% censoring scenario, and kernel Cox regression. For the inSVM model the decrease
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due to the proportionality of hazards in accuracy and AUC is 0.10 units and 0.08, respectively.
Must be noted that the observed values in the 50 observations scenario is lower than the 300, a
0.10 units difference is more relevant than in the 300 observations scenario.

In the scenario with lower number of observations, the performance of the conditional survival

methods is less influenced by the proportionality of hazards.

7.4.3 Proportion of censoring

In the 300 observations scenario for proportionality of hazards (Table 7.2) the two methods
most affected by modifying the proportion of censored data are the inSVM-gradient approach
and the wSVM. The differences in the inSVM are around 0.03, 0.07, 0.07 and 0.04 for accuracy,
Matthews correlation, NMI and AUC, respectively. For the wSVM method the differences are
larger, being around 0.07 in accuracy and around 0.02 units in AUC, taking into account that the
global performance is worst in wSVM. In the non-proportionality of hazards scenarios differences
between proportion of censoring scenarios are similar.

In the 50 observations scenario the major differences are observed in Cox model, whose
accuracy goes from around 0.67 to approximately 0.54, and the AUC from 0.66 to 0.56 in
the proportionality of hazards scenario (Table 7.4). For the other methods, results are pretty
consistent across amount of censoring except by wSVM in which there is a decrease in all
metrics except in AUC which remains pretty constant, around 0.75. In the non-proportionality

of hazards scenarios (Table 7.5) results for all methods are in general pretty similar.

7.4.4 Distribution of censoring

In the 300 observations scenario and proportionality of hazards all results are pretty similar,
being equal in most of metrics, within each method by distribution of censoring. The best
performance is achieved by the Cox model with a 0.89 accuracy, 0.77 in Matthews correlation,
0.49 NMI and 0.96 AUC. With regards the approach to treat the censoring (conditional survival
or proportionality of time), there are no clear differences between the approach used and the
distribution of the censoring.

In the 50 observations scenario the performance of the methods is worst compared to the
300 observations. Within the proportionality of hazards approach, in uniform and positive skew
censoring, performance is slightly better for all methods than the negative skew distribution,
except by inSVM-averaging model whose performance for all metrics is pretty similar in all

censoring distributions.

7.4.5 Sample size

In all compared scenarios the performance is worst when decreasing the sample size. The
maximum difference in metrics is observed in the proportional data for the Cox model: a decrease
of approximately 0.32 units in accuracy, 0.44 in Matthews correlation, 0.35 in NMI and 0.4 in

AUC. In the same scenario the SVM methods present lower values being the maximum difference
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in accuracy of around 0.14 units in wSVM model and the other methods around 0.1 difference.
For the AUC the average difference due to the number of observation in the SVM methods is
around 0.11 units. Kernel Cox regression approach performs similar to pSVM with 0.07 units

difference in accuracy and 0.1 units in AUC.

7.4.6 Conditional survival and proportionality of time

In all 300 observations scenarios tested the conditional survival approach performs slightly better
than the proportional of time. This difference is larger in the 50 observations scenario, specially
in the non-proportionality of hazards one. Overall differences between both methods are around

0.02 units in accuracy and around 0.02 units in AUC.

7.4.7 Semi-supervised support vector machines approach

The inSVM method, both gradient and averaging approach, performs in all scenarios tested
closest to the best method within each scenario. The performance does not present clearly
differences between gradient and averaging in all scenarios and metrics, although averaging one

performs slightly better, being more robust to modifications in proportion of censoring.






Chapter 8

Discussion and Future Research

8.1 Discussion

This part of the thesis has focused on the exploration of SVM for binary classification methods to
deal with censored data. The research has tried to show the performance of this approach under
several scenarios, on the one hand, and, on the other hand, to develop R functions implementing
all proposed methods. Analysis of time-to-event data is of importance in any scientific area, but
specially in biomedical field. One important issue to deal with is when the number of predictors
is larger or approximately equal to the number of observations. SVM models are flexible enough
to deal with this issue but only the regression approach have been investigated, the classification

methodology have received little attention.

The proportional hazards model has been considered the gold standard. The Cox model is
a robust model since it is, basically, a rank model that does not assume a distribution for the
time-to-event variable and, the number of necessary events per variable it can be around 3 in
controlled situations. That is the main reason the performance of this model is so good in the
300 observations, proportional hazards scenario. But for the same reason, the performance is

worst in 50 observations, non-proportional hazards scenarios.

The wSVM approach is a naive approach because it’s weighting the observations. As ex-
pected, the obtained results are highly dependent on the proportion of censoring because of the
simplicity of the method. Surprisingly, however, results are influenced by the censoring distri-
bution in a similar way to the other methods, suggesting that this approach is mainly affected
by the proportion of censoring. Another important aspect to comment is that wSVM results
are pretty similar to the LUPI ones as pointed out by Lapin et al. (2014). Both methods are
using, basically, the same unique information (censored data), with the advantage for the wSVM
method which is much less time consuming. However, the LUPI approach is, in general, more
robust than the wSVM.

With respect to the LUPI approach, we have included the censoring data as a privileged
information in the correcting space. Our results are consistent with the ones by Shiao and
Cherkassky (2013) in which LUPI performs worst than Cox model and pSVM in all compared
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scenarios (being some of them comparable to the ones presented in this thesis). The correcting
space is used as a complementary information to be combined with the decision space. Therefore,
is not directly used to define the class of the observations, as it is in pSVM for example or wSVM.
Related to this, we agree with Serra-Toro et al. (2014) conclusions that further work is needed
to fully understand the LUPI approach and how the correcting space interacts with the decision
one.

The performance of the pSVM has been similar to the Cox model in the 300 observations
scenarios and better than kernel Cox regression, being the linear kernel slightly better than the
radial one, as observed by Shiao and Cherkassky (2013). These results suggest that perhaps
a more fine grid search could have benefit the overall performance of the non-linear approach.
Besides that, in Shiao and Cherkassky (2013), results are consistent with ours considering that
the authors conclude that linear pSVM performs better than pSVM using Gaussian kernel.

Our conditional survival proposed approach performs better than proportionality of time in
all compared scenarios. The conditional method takes into account the events and follow-up
period including more information and being more accurate in the weighting estimation than
the proportionality of time approach. The latter is assuming linearity and does not take into
account specificities of the data, for instance, variability in survival due to intrinsic data such
the site or the vaccine efficacy. However, one aspect to be remarked is that the conditional
approach is assuming that the survival probability of the test data is similar to the training one.
This is a reasonable assumption, but depending on the difference between survival probabilities
results, such as accuracy, may be affected.

With respect inSVM approach (both gradient and averaging), in the 300 observations sce-
narios, results are pretty similar to Cox, kernel Cox regression and pSVM. Although, being a
semi-supervised approach, in which the censoring is not addressed using any weight, the per-
formance is similar to the other methods in which censoring is taken into account. That could
be explained because we are assuming that censoring is independent from the events and repre-
sentative of the data, which means that patterns in observed data should be valid for censored
observations. Therefore, the local invariances assumptions should be valid. On one hand, the
main drawback of the local invariances is that its computational time is high, specially the gra-
dient one. Must be remarked that the derivative invariance described in Section 6.3.3 calculates
the gradient for all pair of variables and observations, as expected this increases the computa-
tional time. On the other hand, the main advantage is that no extra assumptions related to the
censoring distribution are made.

During the development of the R functions several optimization and mathematical program-
ming packages implemented in R have been tested in order to reduce computational time and
find the optimal package. The optimization problems we have presented in this thesis are con-
vex quadratic but some of them present equality constraints, inequality constraints and box
constraints; for each type of constraint there are several R packages with different syntaxes
structures making difficult the code standardization. This is an issue that have been, recently

addressed, by optimization theory experts (Nash et al., 2011, 2014). Although this is beyond
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the scope of this thesis, this is an aspect that needs to be considered for future work.

8.2 Future research

One point of interest for future research is the fact of adding variability to the probability given
in conditional survival approach. Since the probability is based on the Kaplan-Meier estimation,
we can obtain a confidence interval for this specific estimation. Thus, the performance using the
two bounds could be evaluated and the robustness of the prediction assessed. Specifically for the
LUPI approach as there are no weights, including the variability in the correcting space perhaps
could add more information and the method would be more generalizable. In a similar way,
the wSVM and pSVM could implement a variability of the weights, or perhaps computing the
predictions on the two confidence interval boundaries and then applying some kind of averaging,
as it is done in multiple imputation methods when treating missing values (Little and Rubin,
1987).

Regarding the inSVM model it does not take into account any information related to the
survival probability of the data. As a consequence, we are not using all available data. An
approach for future research to be evaluated is the use of different weights for the censored
observations as it is done in wSVM and assess the performance. This research might be divided
in two main lines. On the one hand, the study of the method using an overall and unique weight
for the censored observations estimated by the Kaplan-Meier survival probability at the end of
follow-up, for instance. On the other hand the study of specific weights for each observation as in
the presented wSVM method. We have conducted the local invariances to the unknown classes
but as Lee et al. (2006) suggest, they can be applied to all observations (known and unknown).
Given the observed results, we think that it would be interesting to study the performance of
this alternative approach.

When applying the conditional survival approach we assume that the test and training data
have a similar survival curve, i.e., both datasets are samples from the same population. It would
interesting to study the performance and robustness of the proposed methods under violations
of this assumption and determine the circumstances in which the predictions of events are
overestimated and underestimated by increasing (decreasing) the survival probability at the end
of follow-up in the test data, for instance.

In this thesis we have based the non-proportionality scenario in a shared frailty context. An
alternative perspective for non-proportionality is due to the time-varying coefficient in which,
for example, the efficacy of the vaccine is not constant along the follow-up period. Therefore,
we are in a situation of non-proportionality due to an specific variable. It would be interesting
and useful to study the behaviour of the proposed methods under this scenario and to adapt

them into the time-varying coefficient context.
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Chapter 9

Material and Methods

In the following sections of the present chapter the proposed methods related to relevance of
variables in support vector machines are presented. Section 9.1 presents the proposed RFE-
pseudo-samples algorithm. The two proposed approaches based on KPCA are described in
Section 9.2.

9.1 RFE-pseudo-samples

Krooshof et al. (2010) and Postma et al. (2011) propose a method to visualize the importance
of variables using pseudo-samples in kernel partial least square and support vector regression
context respectively. The method they propose for visualizing variable importance is summarized

in the following steps:

1. Optimize the kernel function and parameter settings for the SVM model used.

2. From the covariates data «x;, for all # = 1,...,n, observations compute the kernel matrix

K, by using the optimized kernel function, and then center the matrix, obtaining K¢.

3. Apply singular value decomposition on K¢ and construct several score plots (for the various
combinations of principal components) for the n samples in K. Inspect these score plots

to find the direction(s) in which maximum separation is obtained.

4. Construct a matrix P; for the jth variable which contains p pseudo-samples. The range of
the pseudo-samples should vary from the minimum value to the maximum of the original

variable, and the other variables are constant with a value of 0.

5. Apply the kernel function K to the pseudo-samples data to obtain the kernel matrix of
the pseudo-samples C.

6. Project the rows of the centered pseudo-samples kernel matrix C° in the score plot that

was found in step 3.
7. Repeat steps 4-6 for each variable j.
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The resulting plot contains a trajectory of pseudo-samples for each original variable in the
KPCA space. These variables yield information about the relative contribution of the variables
to the SVM model. The other idea that the authors suggested, but based on the SVR approach
is plotting the prediction of the pseudo-samples for the response y € R for a given model, and
based on that visualize the relevance of the variables.

Following these two main ideas we propose a method for visualizing the relevance of variables

into the SVM for binary classification framework. Briefly, the main steps look as follows:

1. Optimize the SVM method and tune the parameters.

2. Create a pseudo-samples matrix with equally distanced values from the original variable,
maintaining the other variables as the mean or median. As the data is usually normalized,

we assume that the mean is 0,

Var.l Var.2 Var.3 Var.p
21 0 0 . 0 pseudo-sample;
22 0 0 . 0 pseudo-sample,
z3 0 0 . 0 pseudo-samples (9.1)
2p 0 0 e 0 pseudo-sample,,

3. Predict the decision value for each pseudo-sample (not the predicted class) using the SVM
model fitted in step 1.

4. Plot in the X-axis the range of the variable and in the Y-axis the decision value. In order
to plot all variables in the same figure it is necessary to scale and center all variables if

their distribution is different.

The rationale of the proposed method is that if the response is associated with the variable,
modifications in the variable will affect predictions of the class. On the contrary, if a variable
is not associated with the response it does not matter which value one choose for that variable
since the prediction will be approximately constant. Therefore, since the decision value can be
used as a score that measure distance to the hyperplane, the larger the absolute value the more

confident we are that the observation belong to the predicted class remarked by the sign.

9.1.1 Visualization and interpretation of variable relevance

Once we have plotted the decision values and the range of all variables, we have to take into

account several points:

e Values associated with the response: since we are plotting the range of the variable and
the decision value, we are able to detect whether larger values of the variable are protective

or risk factors.
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e The proposed method fix the values of the non-evaluated variables to 0 but this can be
modified to evaluate the performance of the desired variables fixing the values to any other

biologically meaningful value.

e The shape of the curve can be indicative of the type of association of each variable with

respect the response.

e The variability on the decision values can be indicative of the relevance of the variable

with the response.

9.1.2 Ranking variables

We are interested in identifying which variable presents less variability on the prediction and
automatically remove it and re-iterate the process, applying the RFE algorithm. This can be
done visualizing the plots described in Section 9.1.1 but becomes infeasible for a medium to
large number of variables. Therefore, a metric should be used to measure the variability and
rank the variables based on that. One univariate robust metric is the median absolute deviation
(MAD) which is expressed as

MAD; = median (|D;; — median(Dy)|) ¢

being D;; the decision value of the variable j for the pseudo-sample i and being median(D;) the
median of all decision values for the evaluated variable j. The constant c is equal to 1.4826, and

it is incorporated in the expression to ensure consistency in terms of expectation so that
E(MAD(Dy,...,Dy)) =0

for D; distributed as N(u,o?) and large n. Our proposal is to apply the RFE approach to

pseudo-samples prediction being the algorithm as it is described in Algorithm 2.
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Data : Dataset with p* variables, time-to-event and status.
Input : Number of equidistant cutoff points c*.

Output: Ranked list of variables according to their relevance.

Find the optimal values for the tuning parameters of the SVM model;
P pY
while p > 2 do
SV M, <= SVM with the optimized tuning parameters for the p variables and
observations in Data;
for i =1 to p do
pseudo; < prediction vector of ¢* pseudo-samples for variable ;
rank.criteria; < Median Absolute Deviation of pseudo; vector;
end
man.rank.criteria <— variable with lowest value in
(rank.criteriay, . .., rank.criteriay);
Remove min.rank.criteria from Data;

Rank, < min.rank.criteria ;

p<p-1;
end
Rank; < variable in Data ¢ (Ranka, ..., Rank,«);
return (Rank, ..., Ranky«)

Algorithm 2: Pseudo-code of the RFE-pseudo-samples algorithm.
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9.2 RFE-kernel principal components input variables

Reverter et al. (2014) propose a method, in a different context than the SVM, using KPCA to
represent, for each variable, the direction of maximum growth locally. So, given two components
the maximum growth for each variable is indicated in a plot in which each axis is one of the
components. After representing all observations in the new space, if a variable is relevant under
this context will show a clear direction across all samples and if it’s not the sample’s direction
will be random. In the same work the authors suggest to incorporate functions of the original
variables into the KPCA space, so it’s possible to plot not only growth of individual variables
but combination of them if biologically makes sense. Our proposed method, referred as RFFE-

KPCA-maxgrowth, consists of the following steps:

1. Fit the SVM.

2. Create the KPCA space using the tune parameters found in the SVM process with all

variables.
3. Represent the two first components of the KPCA.

4. Compute and represent the input variables and the decision function of the SVM into the
KPCA space.

5. Compute the average angle of each variable-observation with the decision function into
the KPCA space.

6. Based on a metric calculate which variable is less relevant.

7. Remove the least relevant variable.

oo

. Repeat all the process until there is only one variable left.

9.2.1 Kernel principal component analysis
Given a feature space H related to the input domain by a map
¢:X —>H
2 o(a)

which is possible non-linear. Let define

then the points

o(zi) = ¢(xi) — ¢ (9.2)
are centered. Let K denote the kernel matrix of centered points K;; = (¢(x;), d(x;)). Because

we do not have centered data, we cannot compute K explicitly, however, according to Scholkopf
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and Smola (2001), it can be expressed in terms of its noncentered counterpart K. Using the

vector 1,, = (1,...,1)T, we can get the expression

. 1 1 1
K=K--K1,1] - ~1,1 K +
n n

ﬁ(ﬂLKln)lnlI

In H the covariance matrix takes the form

If ‘H is infinite-dimensional, we think of gg(:nj)d;(:c])T as a linear operator on H, mapping
T = o) (¢(x;), ).
We have to find eigenvalues A > 0 and nonzero eigenvectors V € H \ {0} satisfying
CV =)\V (9.3)
To find the solution of (9.3) we solve the dual eigenvalue problem
K& =nl\é& (9.4)

with & being the expansion coefficients of an eigenvector in terms of the centered points in (9.2)

n
V=> aip(z) (9.5)
i=1
The solution &*,k = 1,...,r, is normalized by normalizing the corresponding vector V¥ in H,
which translates into
Ae(aF &y =1 (9.6)

To find the coordinates of a test point s, with an image ¢(s) in H, we need to compute projections

onto the eigenvectors VFin H

- - 1 1 ~
(B(8), VEV) 15 = <ZT - n1,{K> (1n - n1n12> 1% (9.7)
where V is a n x r matrix whose columns are the eigenvectors Vi ..., V" and
Z = (K(S, :ci))nxl (98)

9.2.2 Representation of input variables

We approach the problem of the interpretability of kernel methods by mapping simultaneously
data points and relevant variables in a low dimensional linear manifold immersed in the feature
space H. Such linear manifold, usually a plane, can be determined according to some statistical
requirement, for instance, we shall require that the final Euclidean interdistances between points
in the plot have to be, as far as possible, similar to the interdistances in the feature space, which

shall lead us to the KPCA. We have to distinguish between the feature space H and the surface
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in that space to which points in input space R™ actually map, which we denote by ¢(X). In
general is an n dimensional manifold embedded in H. We assume here that ¢(X) is sufficiently
smooth that a Riemannian metric can be defined on it (Scholkopf et al., 1999).

The intrinsic geometrical properties of ¢(X’) can be derived once we know the Riemannian
metric induced by the embedding of ¢(X) in H. The Riemannian metric can be defined by a
symmetric metric tensor gqp. It is interesting to note that we do not need to know the explicit
mapping ¢ to construct g,p; it can be written solely in terms of the kernel.

Any relevant variable can be described by a real valued function f defined on the input space
R™. Since we assume that the feature map ¢ is one-to-one, we can identify f with f =fogp !
defined on ¢(X). We aim to represent the gradient of f. The gradient of f is a vector field

defined on ¢(X) through its components under the coordinates & = (x!, ..., 2P) as

p
grad(f)® = Zgab(:c)Dbf(m) a=1,...,p (9.9)
b=1
where ¢ is the inverse of the metric matrix G = (gap), and Dy denotes the partial derivative
with respect the b variable.
The curves v corresponding to the integral flow of the gradient, i.e., the curves whose tangent
vectors a t are v'(t) = grad( f ), indicate, locally, the maximum variation directions of f. Under

1

the coordinates # = (z',...,2P) the integral flow is the general solution of the first order

differential equation system
dz® u b
— = Y "@Df(®) a=1...p (9.10)
b=1

which has always local solution given initial conditions v(tg) = w.

In order to enrich the interpretability of KPCA output plot we can represent in it the curves
v(t) solution of (9.10) which indicates, locally, the maximum variation directions of f, or also,
the corresponding gradient vector given in (9.9).

Let v(t) = k(-,z(t)), where x(t) are the solutions of (9.10). If we define

Z, — (k:(m(t),:ci)) (9.11)

n><1‘

Taking into account the equation (9.7) the induced curve, ©(t), expressed in matrix form, is

given by the row vector:
N + 1.+ 1 -\ ~
v(t)lxr = Zt - *1nK In - *1n1n |4 (9.12)
n n

where Z; has the form (9.11).

We can also represent the gradient vector field of f , that is, the tangent vector field corre-
sponding to curve v(t) through its projection into the KPCA subspace. The tangent vector at
t = to, if ¢y = ¢~ ow(tg) is given by %]t:to, and its projection, in matrix form, is given by the

row vector

- T )
(% t:to)le - djtt ‘t:to (In - %lnerL)V, (9.13)
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with
dZtT‘ - (dZtl‘ dzp >T
dt =ty  \ dt li=ty’ " dt le=ty) ’
and,
dZ} ~dk(x(1), ;)
dt li=t, dt t=to
p
dx®
= Z Dak:(mo, XZ)E i—to
a=1
p
= ZDak wo,Xi)Zgab o) D fy(x0)
a=1 b=1
p P
= Y  Dyrak(mi, 20)g" (20) D fy(wo)
a=1b=1
Representing input variables
For instance, input variables 2, b = 1,...,p, are primary relevant variables. In that case, we

would like to represent the function f(zx) = 2. We consider the Gaussian kernel

|2
k(as, ;) — exp AT T g o R
g

where ¢ > 0. Then, using the above notation, since

2(1’? — )
Dyiok(i, xj) = ——————exp <—

k(:l?i, :Ej)

(o g

s — ]2 _ 2(af - a9)
g

and taking into account the Riemannian metric corresponding to a Gaussian kernel, the con-

travariant components of the metric tensor are
o
gab(mo) — §5ab
where 6% are the contravariant Kronecker’s deltas, therefore, we obtain

dZ} u
dt it mz, )] Z ac — aco
=0 a=1

9.2.3 Visualization and interpretation of importance of variables

As described by Reverter et al. (2014) we can represent for each test sample the variables as
vectors (with a pre-specified length), which indicate the direction of maximum growth in each
variable or a function of them. When two variables are positively correlated, the directions
of maximum growth for all samples should go in the same direction. When two variables are
negatively correlated the direction should be overall opposite, and if they are no correlated,

directions should be random.
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9.2.4 Ranking of variables

Our proposal is to take advantage of the representation of direction of input variables applying

two alternative approaches:

e To include the SVM predicted decision values for each training sample as an extra variable,
what we call reference variable. Then, compare directions of each one of the variables with

the reference.

e To include the direction of the SVM decision function and use it as the reference direction.
Since it is as a real-valued function of the original variables we can represent the direction
of this expression. Specifically, the decision function removing the sign function of the

expression of SVM is given by

flx) = Z ayik(x;, ) +b (9.14)
i=1
we can reformulate (9.14) to
f@)=>"oik(zi,x) +b (9.15)
i=1
where g; = a;y;. Applying the methodology defined in Section 9.2.2 to the (9.15) function
we obtain
aZ; = k(xi, x) Zp:(wa —z%) Zn: io(z§ — x")k(x;, x) (9.16)
dt li=0 v pt i =~ 0jo\T; Ve :

In both alternatives and following the interpretation described in Section (9.2.3), we can
calculate the overall similarity of one variable with respect the reference (either the prediction
or the decision function) by averaging the angle of the maximum growth vector for all training
points with the reference. So, if, for a given training point, the angle of the direction of maximum
growth of variable p with the reference is 0° (0 radians) would mean that the vector of directions
overlap and they are perfectly positively associated. If the angle is 180° (7 radians) they go in
opposite direction, indicating that they are perfectly negatively associated. By averaging the
angle of all training points we obtain a summary of the similarity of each variable with the
reference and consequently whether is relevant or not. Assuming that there is noise in real data
a variable is classified as relevant or not compared to the others: the variable closest to the
overall angle taking into account all variables is assumed to be the least relevant. Based on this,
we can apply a RFE-KPCA-maximum-growth approach for prediction and for decision function
as defined by Algorithm 3.
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Data : Dataset with p* variables, time-to-event and status.
Input : Method of KPCA-maxgrowth to be applied (Prediction or Function).

Output: Ranked list of variables according to their relevance.

Find the optimal values for the tuning parameters of the SVM model.;

P D5

while p > 2 do

Fit SVM with the optimized tuning parameters for the p variables and observations in

Data.;
if Method = Prediction then
Calculate the decision value for each training point;
Incorporate that decision value vector as a variable k;
Calculate the KPCA space with all (p 4 1) variables (including k);
Project all variables into KPCA space for the first two components;
end
if Method = Function then
Calculate the KPCA space with all p variables;
Project all variables into KPCA space for the first two components;
Project the SVM decision function, k, into the KPCA space;
end
angle;; < calculate the angle of each training point 4 and variable j with respect k;
angle.mean; < average angle;; values by each variable j obtaining a vector of p
components;
med, < overall median of all angle.meany,...,angle.meany;
if p > 3 then
‘ rank.criteria, < (angle.mean; — med,)?;
else
‘ rank.criteria, < (angle.mean; — 90°)?;
end
man.rank.criteria <— variable with lowest value in
(rank.criteriay, . .., rank.criteriay);
Remove min.rank.criteria from Data;

Rank, < min.rank.criteria ;

p<p-1;
end
Rank; < variable in Data ¢ (Ranks, ..., Rank,-);
return (Rank;, ..., Rank,-)

Algorithm 3: Pseudo-code of the RFE-KPCA-maximum-growth algorithm for both func-

tion and prediction approach.
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Simulation Study

In this chapter we evaluate the performance of the methodology proposed in Chapter 9 by means
of a simulation study. The simulated scenarios and the data generation process is described in
Section 10.1. The metrics used to evaluate the performance of the proposed algorithms are

presented in Section 10.2. Finally, simulation results are shown in Section 10.3.

10.1 Simulation of scenarios and data generation

The simulated scenarios are based on covariates pattern as described in Section 7.1.1. Therefore,
for each simulated dataset 30 variables normally distributed, structured in 4 different blocks
attending to their correlation (high, medium, low and none) have been simulated.

The time-to-malaria event variable is based on a proportional hazards model as described in
Section 7.1.2. The number of observations by dataset is 50. The censoring distribution follows

a Uniform distribution (10% censoring) as described in Section 7.1.3.

10.1.1 Relevance of variables scenarios

To evaluate the performance of the methods, several scenarios regarding the variables associated
with time-to-malaria have been tested. Scenarios are generated to test the performance in
situations in which the relevant variables are: i) highly correlated (with other relevant and non-
relevant variables) and non-correlated, ii) present positive (or negative) association with the
response, and iii) present linearities, non-linearities and interactions among them. The relevant

variables for each one of the 6 simulated scenarios are:

1. Variable 1

2. -Variable 29 + Variable 30

3. -Variable 1 4+ Variable 8 4+ Variable 20 4 Variable 29 - Variable 30

4. Variable 1 + Variable 2 + Variable 1 x Variable 2

5. Variable 1 + Variable 30 + Variable 1 x Variable 30 + Variable 20 + Variable 202

95
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6. Variable 1 + Variable 12 + exp (Variable 30)

10.1.2 Comparison of methods

The SVM model used to fit the data is the pSVM (Gaussian kernel) with conditional estimation
of the uncertainties (based on Kaplan-Meier) as described in Section 6.2. The reason being,
it is one of the SVM models with highest accuracy. The parameters selected to perform the
grid-search are the same as in Section 7.1.5. For Gaussian kernel are 0.25, 0.5, 1, 2 and 4. The
C and C values are 0.1, 1, 10 and 100. The p value has been fixed to be 0.0001. The tuning
parameters are found as described in Section 7.2 and have been fixed for each RFE iteration,
i.e., are not estimated at each iteration. Once the optimal parameters for the pSVM are found

the methods compared are:

e RFE-Guyon for non-linear data: this method is taken as the gold standard.

e RFE-KPCA-maxgrowth-prediction: the KPCA is based on Gaussian kernel whose param-
eter is the one obtained in the pSVM model.

e RFE-KPCA-maxgrowth-decision: the KPCA is based on Gaussian kernel whose parameter
is the one obtained in the pSVM model.

¢ RFE-pseudo-samples: the range of the data, to create the pseudo-samples is created split-
ting data into 50 equidistant points. The range of the pseudo-samples goes from -2 to 2,

since variables are normally distributed around 0 approximately.

10.2 Metrics to evaluate algorithm performance

The mean and standard deviation of the position obtained in 100 simulated datasets have been
used to summarize the performance by method and scenario. For the RFE-pseudo-samples
algorithm the first iteration figure with all 100 datasets is created summarizing the information
by variable. For the RFE-maxgrowth approach, as example, one of the datasets is presented in
order to interpret the method, since is not possible to summarize all 100 principal components

plots in one figure.

10.3 Simulation results

In this section main results are described by algorithm and scenario. Results are structured
according to overall ranking of variables and visualization and interpretation of two scenarios
for illustrative purposes. All other tables and figures summarizing the results are presented in

Appendix D.
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10.3.1 Overall ranking comparison

Scenario 1 results are shown in Figure 10.1. All 4 methods identify the relevant variable being
the RFE-maxgrowth-prediction the one with the lowest average rank, followed by the RFE-
maxgrowth-function, RFE-pseudo-samples and RFE-Guyon. For all methods, except the RFE-
Guyon, a set of variables is closest to the Variable 1 rank (variables 2 to 8). These variables are

highly correlated with Variable 1.

Time-to—malaria ~ Variable 1
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Figure 10.1: Average rank by variable and method for the 100 simulated datasets for Scenario
1. Dotted line represents the variable used to generate the time-to-malaria variable. The lower

the rank the more relevant the variable is for the specific algorithm.
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For scenario 2 (Figure 10.2), the true relevant variables are identified for all 4 algorithms,
being the average rank pretty similar, except the RFE-maxgrowth-function. The specific order is
RFE-Guyon, RFE-maxgrowth-prediction, RFE-pseudo-samples and RFE-maxgrowth-function.

The average rank for the other non-relevant variables is similar for all methods.

Time-to—malaria ~ —Variable 29 + Variable 30

Method
RFE-Guyon
~ RFE-maxgrowth—function
—~— RFE-maxgrowth—prediction
RFE-pseudo-samples

Average rank

i 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
Variable

Figure 10.2: Average rank by variable and method for the 100 simulated datasets for Scenario
2. Dotted line represents the variable used to generate the time-to-malaria variable. The lower

the rank the more relevant the variable is for the specific algorithm.
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In scenario 3 (Figure 10.3), 5 variables are relevant in the true model. The algorithms are
able to detect the relevant independent variables, except the RFE-maxgrowth-function, that for
this set of variables (variables 20, 29 and 30) is the worst method. For the other 3 algorithms,
and this set of variables, the RFE-pseudo-samples is slightly better than the others and RFE-
Guyon slightly worst. For the other 2 highly correlated variables (Variable 1 and Variable 8)

the two best methods are clearly RFE-pseudo-samples and RFE-maxgrowth-function.

Time-to—malaria ~ —Variable 1 + Variable 8 + Variable 20 + Variable 29 - Variable 30

191 ! : ! P
18 1 : 1 1
17 : T i i i Method
1 A % RFE-Guyon
: \\( / J \\///\/\/ : : ~— RFE-maxgrowth—function
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144 + T T T RFE-pseudo-samples
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-
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175 5 4 5 6 7 & & 1o 11 12 13 14 15 16 17 s 1o 20 21 22 23 24 25 26 27 28 20 a0
Variable
Figure 10.3: Average rank by variable and method for the 100 simulated datasets for Scenario

3. Dotted line represents the variable used to generate the time-to-malaria variable. The lower

the rank the more relevant the variable is for the specific algorithm.
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Scenario 4 (Figure 10.4) methods, except RFE-Guyon, detect the two relevant variables.
However, RFE-maxgrowth-function identifies as relevant, with a pretty similar rank, variables
3 to 8 (highly correlated with the true relevant ones). In RFE-pseudo-samples algorithm it is

observed that the lower the correlation with the true relevant variables, the larger the rank.

Time-to—malaria ~ Variable 1 + Variable 2 + Variable 1 x Variable 2

PEI R —
22
21 + +
20 + +
7 P w \ Method
16 RFE-Guyon
~— RFE-maxgrowth—function
—— RFE-maxgrowth-prediction

\/\ ! RFE-pseudo-samples

N

Average rank

15 5 4 5 6 7 8 & 1o 11 12 13 14 15 16 17 s 1o 20 21 22 23 24 25 26 27 28 29 30

Variable
Figure 10.4: Average rank by variable and method for the 100 simulated datasets for Scenario
4. Dotted line represents the variable used to generate the time-to-malaria variable. The lower

the rank the more relevant the variable is for the specific algorithm.
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For Scenario 5 (Figure 10.5) three variables are relevant (1, 20 and 30). An interaction and a
quadratic term are included. RFE-pseudo-samples is clearly the method that identifies best the
relevant variables. The other three algorithms are not able to detect clearly the three variables.
Although RFE-maxgrowth-function is able to identify as relevant, with a similar rank, variables

1 to 8.

Time-to-malaria ~ Variable 1 + Variable 30 + Variable 1 x Variable30 + Variable 20 + Variable20?

Method
RFE-Guyon

] //\/\ :
164 ‘e‘ \/\\/ 1 —~ RFE-maxgrowth—function
15 / ~— RFE-maxgrowth—prediction
14 : 3 : RFE-pseudo-samples
13
124 i /,,,, ; e

Average rank

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
Variable

Figure 10.5: Average rank by variable and method for the 100 simulated datasets for Scenario
5. Dotted line represents the variable used to generate the time-to-malaria variable. The lower

the rank the more relevant the variable is for the specific algorithm.
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In Scenario 6 (Figure 10.6) Variable 1 and Variable 30 are relevant, being the former included
as main effect with a quadratic term and the latter exponentiated. All methods, except RFE-
maxgrowth-function, are able to detect the importance of Variable 30. With respect Variable 1,
RFE-pseudo-samples, RFE-Maxgrowth-function present a similar rank around 10.5. The other
two algorithms, RFE-Guyon and RFE-maxgrowth-prediction are not able to identify as relevant

Variable 1 since the ranks obtained are similar to other non-relevant variables.

Time-to-malaria ~ Variable 1 + Variable 12+ exp(Variable 30)
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Figure 10.6: Average rank by variable and method for the 100 simulated datasets for Scenario
6. Dotted line represents the variable used to generate the time-to-malaria variable. The lower

the rank the more relevant the variable is for the specific algorithm.
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10.3.2 Visualization and interpretation of proposed methods
RFE-pseudo-samples

An example of the results for Scenario 2, the 100 simulated datasets and first iteration of the
RFE algorithm is shown in Figure 10.7. There are two variables that present a completely
different pattern compared to the others, which are Variable 29 and Variable 30. Besides that,
the association with the response is opposite, since for Variable 30 the larger the pseudo-sample
value the larger the decision value and for Variable 29, the larger the pseudo-sample the lower
the decision value. The other variables are pretty constant along the pseudo-samples range. The

other summary results for the pseudo-samples are shown in Appendix D.

Time-to—malaria ~ —Variable 29 + Variable 30

var30

0.0~ var29

Decision value
BRE

var30 var29

0
Pseudo-sample value

Figure 10.7: Scenario 2 results for all 100 simulated datasets, all 30 variables and first iteration
of the RFE-pseudo-samples algorithm. The pseudo-samples distribution for each variable is
shown with a non-parametric local regression estimation (LOESS) with the corresponding 95%

confidence interval.

RFE-KPCA-maxgrowth prediction and function

In Figure 10.8 an example for RFE-maxgrowth-prediction approach, Scenario 1 and iteration
25 is shown. The 5 variables left, and more relevant are 1, 2, 25, 26 and 28. The first two are
highly correlated in average and the others are independent by study design. The reference, in
this case, is prediction approach, but is equivalent to function one, is the top-left figure. The

first component (PC1) is the one that classifies the malaria group, most of malaria observations
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are negative and non-malaria positive. For the reference, the directions of points are going from
non-malaria to malaria along the PC1 and PC2. With respect the other variables, only Variable
1 and Variable 2, present a pattern in terms of directions similar to the reference, while the
others (25, 26 and 28) look pretty random. The interpretation of this is: variables 1, 2 and
reference perform similarly, thus Variable 1 and Variable 2 are relevant, and the others are not.
Besides that, since 25, 26 and 28 are random among them, they are not associated with the

response and they are not correlated.

Time-to-malaria ~ Variable 1
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Figure 10.8: Scenario 1 results for a random simulated dataset and iteration 25 of the RFE-
KPCA-maxgrowth-prediction approach. First component of the KPCA (PC1) and second com-
ponent (PC2) are represented in the X-axis and Y-axis, respectively. Malaria events, non-malaria
events (at the end of follow-up time) and censored observations (during follow-up) are repre-

sented.
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Discussion and Future Research

11.1 Discussion

In biomedical research is important to know which variables are associated to the studied out-
come and the degree of this association. When dealing with non-linear kernels the feature space
is different than the input one, thus extracting information from the variables in this space can
not provide us information related to the original space. Although non-linear kernels, specially
the Gaussian one, are widely used, there is no much work done comparing methods into the
relevance variable issue in the non-linear SVM. Besides that, an important aspect is the inter-
pretation and visualization of the association predictor-response, however, almost no work has
been done related to this issue in the SVM context. Understanding, not only whether a variable

is relevant or not, but the type of the association, is a key component in any medical research.

The three algorithms we propose perform generally better than the gold standard RFE-
Guyon for non-linear kernel. As expected, results for all methods are better when the true
relevant variables are independent, i.e., they are no correlated with the other variables in the
SVM model. However, this scenario is not usual in biomedical data and it is specially unusual

when dealing with a mid-to-large antigen panel.

Among the proposed methods, the RFE-pseudo-samples one performs overall much better
than the others in all tested scenarios. Besides that, the algorithm allows interpreting and
visualizing each model in a easy way being more informative than RFE-Guyon. One issue we
have observed is that in the algorithm there are two main parts: one is the representation of
the variables and the other is the metric used to define the relevance of the variable. This
distinction is important because one visual conclusion can be different from the one obtained
with the metric, therefore the method seems highly dependent on the metric used to measure
the variability.

With regards the RFE-maxgroth approaches both prediction and function perform similarly,
being the former slightly better. Actually, the prediction approach can be interpreted as an
instance of the function, however, the former is much less time consuming. Contrary to what

we expected, the RFE-maxgrowth-function does not perform as accurately as the other three
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compared methods; this approach is based on the explicit decision function, for this reason
we expected much better results. One explanation could be that by approaching the decision
function with a non-linear kernel as a combination of variables we are loosing more information
than by using the RFE-maxgrowth-prediction.

In the other alternative we have tested, the RFE-maxgrowth-prediction algorithm, the pre-
diction is included as an extra variable into the KPCA space. One thing to consider is that,
when including this extra variable, we are constructing a space different to the one without
including the prediction variable. This seems an advantage because we are taking into account,
in some sense, the patterns that defines event and non-event into the KPCA. On the contrary,
in the RFE-maxgrowth-function the KPCA space does not take any into account any specific
variable directly related to the classes.

The RFE-maxgrowth interpretation is more complex but can be more informative than RFE-
pseudo-samples specially for a specific subset of variables and observations. The reason being,
we have to interpret the components of the KPCA, the directions of maximum growth of each
input variable and compare its direction between the event and non-event observations; this can
only be achieved with a reduced number of variables due to the amount of information in each
generated figure.

The main disadvantage of the three proposed methods is that we are not including in a direct
way the event and non-event classes, we are using, basically, the decision values (or the decision
function).

One important aspect to consider is the computational cost of the proposed RFE-algorithms.
The RFE-pseudo-samples method depends basically on the decision function and the pseudo-
samples range, and as expected, the computational cost is not significant, being the fastest
method. On the contrary the RFE-maxgrowth algorithms are more complex, specially the

function version whose execution time depends on pairwise variable gradient.

11.2 Future research

A very important aspect for future research related to the RFE-pseudo-samples algorithm is
the study of the values used for the pseudo-samples. In the present thesis we have used zero
values for the variables different than the one tested. It could be interesting to evaluate how the
method works using quartiles, centroids or variable-specific values, i.e., using a different value for
each variable defining a specific observation such that the median event-observation, similarly
to what is done in risk score equations (Wilson et al., 1998, Marrugat et al., 2003, Conroy et al.,
2003). This could be useful for identifying variable interactions and other variables not identified
using zero value.

Another point of interest is the one related to the metric used in the algorithm. In the present
thesis we have used the MAD as a measure of the variability, but other metrics, project-specific
could be used: maximum-minimum decision value difference, overall absolute value of the slope

of the curve or more sophisticated like measuring the non-linearity of a variable trajectory as
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the maximal change of the angles of each pseudo-sample section with respect the horizontal axis
as it is done in Postma et al. (2011).

Natural extensions of the RFE-KPCA-maxgrowth research might be divided in two main
lines of work. On the one hand, we have not considered the selection of the principal components
and we have chosen the first two. In KPCA-maxgrowth-prediction, as we are including the
prediction as a variable, would be interesting to investigate how the method is improved when
selecting components that represents the prediction variable by selecting the most discriminative
for the event/non-event observations. On the other hand, the KPCA does not take into account
the class of the observation, is an unsupervised method. As the main objective of our proposed
algorithm is to select the most relevant variables associated with the response, other similar
approaches to KPCA, but taking into account the class of the observations, could be implemented
like kernel Fisher discriminant analysis (KFDA) (Mika et al., 1999), for instance. Thus, a similar
approach to KPCA-maxgrowth but in KFDA context could be tested.
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Chapter 12

Analysis of the Mal067 Study

The Mal067 data has been introduced in Section 1.3. This dataset consists in 459 participants
from two African sites: Bagamoyo (Tanzania) and Manhiga (Mozambique). The main objective
of the study is to identify which cytokines and chemokines are correlated with protection in each
vaccination status group (RTS,S or comparator) within the participants that have received the
third dose of the assigned vaccine.

The design of the study is presented in Section 12.1. Section 12.2 provides a description of
the multiplex bead array assay and data pre-processing. The methods section is described in
Section 12.3 and Section 12.3.1, the former describes the classical statistical methods applied to
the Mal067 data and the latter the SVM for survival analysis methodology. The main results

are shown in Section 12.4.

12.1 Study design and population

The African research centers participating in the study are: Ifakara Health Institute and Bag-
amoyo Research and Training Centre (IHI-BRTC in Tanzania) and Manhiga Health Research
Center, Funda¢ao Manhiga (FM-CISM, Mozambique). The two sites had low-medium malaria
transmission intensity at the time of the study (RTS,S Clinical Trials Partnership, 2015, SCTP
et al., 2012).

This study aimed to include all subjects from the pediatric Phase III clinical trial (Mal055,
trial registered with ClinicalTrials.gov, number NCT00866619) who were eligible for the multi-
center immunology ancillary study (Mal067), who met criteria for the modified according-to-
protocol (ATP) cohort of the Phase III trial, from whom peripheral blood mononuclear cells
(PBMC) was collected for cellular determinations, and from whom there was available super-
natant from stimulated cells. Inclusion in the cellular component of the Mal067 immunology
study in Manhica targeted all children (5 to 17 months) and infants (6 to 12 weeks) from one
of the recruiting peripheral health posts (Palmeira neighborhood) after ethical approvals for the
Mal067 immunology study were obtained. In Bagamoyo, the first 400 children recruited after
obtaining ethical approval had venous blood extracted for cellular determinations; infants were

not included. After cryopreserving 5 x 105 PBMC in liquid nitrogen, the remaining cells were
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used for fresh antigen stimulations onsite and their culture supernatants were analyzed. There-
fore, only vaccinees with enough PBMC for cryopreservation and additional ex vivo stimulations
(at least 6.6 x 10 PBMC) were included in this study.

In the trial subjects were vaccinated with either RTS,S or a comparator vaccine, i.e., rabies
vaccine (children) or meningococcal C conjugate vaccine (infants), administered at study month
zero (MO), one and two. Approval for the study protocol was obtained from all relevant ethics

review boards and national regulatory authorities.

12.2 Multiplex bead array assay and data pre-processing

Fifty uL of all supernatants were tested in single replicates and supernatants belonging to a same
individual (baseline and M3 timepoints) were tested in the same plate. All assays were performed
in a central lab (ISGlobal') by three operators after completing training and passing proficiency
testing. Plates were balanced across sites, age cohort, vaccine status and malaria-cases and
malaria-controls. Plate design, standard curve dilutions and use of controls were optimized in
a pre-pilot study to diminish variability and increase sensitivity. If performance of a plate did
not meet the quality criteria established, samples were retested in another plate. Each plate
included serial dilutions of a standard sample provided by the vendor with known concentration
of each analyte, two blank controls and three additional controls (called positive controls) in
duplicate with high, medium and low concentrations prepared from a reference sample for quality
assurance/quality control (QA/QC) purposes. Samples were acquired on a Luminex® 100/200
instrument. To quantitate analyte concentrations and perform weekly QA /QC assessment, the
drLumi R package was used (Sanz et al., 2015). The package fitted the standard curves based
on five-parameter log-logistic models; if the algorithm did not converge, a four-parameter log-
logistic model was fitted. Lower and higher limits of detection (LLOD and HLOD) were based
on the upper (for LLOD) or lower (for HLOD) limit of the 95% confidence interval (CI) of the
lower or upper asymptote of standard curves, respectively. Limits of quantification (LOQ) were
estimated based on a cutoff value of the coefficient of variation (CV) of the standard curve for
each analyte. LOD and LOQ were estimated for each plate.

Non-quantitated samples are below lower LOQ or above higher LOQ and, thus, cannot
have MFI reliably mapped into concentration through a 5-parameter log-logistic standard curve
because their MFI is located near or on the asymptotes of the curve. Those samples have
generally very low concentration or very high concentration of the marker. Markers with less than
30% of non-quantitated had non-quantitated samples imputed and those with more than 30% of
non-quantitated samples (e.g., the cytokines IL-6 and IL-8) were excluded from analysis. Non-
quantitation was not associated with any comparison group of interest. Therefore, imputation
aimed to allow inclusion of theses observations in continuous analysis by jittering the very low
and high values through sampling for each subject a value from a uniform distribution with the

following boundaries: i) for samples with MFI between LLOD and LLOQ), the concentration at

"http:/ /www.isglobal.org/en/
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LLOD and LLOQ were used as boundaries; ii) for samples with MFI below LLOD, a value of
0.01 or 0.1 and the LLOD were used as boundaries, depending on the value of the LLOD (if <
1 or not); for samples with MFI between HLOQ and HLOD, the HLOQ and the minimum of
HLOD and the concentration corresponding to 25,000 MFI (maximum detectable MFI of the

Luminex® reader) were used as boundaries.

12.3 Statistical analysis

Since vaccination with RTS,S could confound naturally acquired immunity, we have evaluated
the impact of vaccination status on AMA1 specific marker levels by contrasting RT'S,S and com-
parator vaccinees at M3 thought t-tests, Kaplan-Meier survival curves for RTS,S and comparator
group with the corresponding 95% confidence bands have been estimated. For comparing the
survival curves the log-rank test is calculated. Spearman correlations between all cytokines
stratified by vaccination group have been computed. We also comparatively describe the distri-
bution of each marker AMA1 specific response in subjects who did and did not have the event
one year post start of follow-up (M3) thought t-tests.

To assess whether the AMA1 specific marker level is correlated with an effective immune
response, i.e., protection from malaria, we have estimated hazard of clinical malaria as a function
of the marker level in Cox regression models. Hazards ratios with the 95% confidence interval
are estimated for each of the 28 individual markers separately in Cox models with the baseline
hazards stratified by vaccination status. Tests for the assumption of proportional hazards are
carried out based on Schoenfeld residuals for each individual marker. Figures of the estimated
coefficients (Y-axis) as a function of time-to-event (X-axis) are also drawn to asses visually the

proportionality of hazards.

12.3.1 Support vector machines for survival data

All methods described in Chapter 7 are compared into the Mal067 dataset applying a 5-fold
nested cross-validation. Specifically, for each kernel-based method the grid search for each

tuning parameter is the same as it is in the simulation Section 7.1.5:

e Kernel Cox regression: the values used for tuning the Gaussian kernel are 0.25, 0.5, 1, 2
and 4.

e Weighted support vector machines: two approaches are used, one defining the weights of
the censored observations as proportional to the follow-up time, and another one using
conditional survival. The values used for tune the parameter C are 0.1, 1, 10 and 100, and
for the kernel 0.25, 0.5, 1, 2 and 4.

e Support vector machines with uncertain classes: related to the kernel two approaches are
tested, linear and Gaussian kernels; related to the probabilities of the censored observations

both proportional and conditional survival based methods are considered. For the Gaussian
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kernel the potential values tested are 0.25, 0.5, 1, 2 and 4. The C and C possible values
are 0.1, 1, 10 and 100. The n value has been fixed to be 0.0001.

e Support vector machines learning using privileged information: Gaussian kernel and linear
kernel are considered for the decision and correcting space, respectively. For the latter
proportionality of follow-up time and conditional survival are considered. For the Gaussian
kernel the values used in the grid search are 0.25, 0.5, 1, 2 and 4. The cost values of
misclassification parameter C' are 0.1, 1, 10 and 100. The weight used for the correcting

space has been considered to be 0.1, 1, 10 and 100.

e Semi-supervised support vector machines using invariances: the parameters tested have
been 0.25, 0.5, 1, 2 and 4 for both Gaussian kernel and Gaussian density, depending on
the local invariance. The parameter values considered for ps are 0.1, 1, 10 and 100 for

both gradient and averaging alternative approaches.

12.3.2 Tuning parameters and performance of the methods

The tuning parameters for each SVM method and kernel Cox regression are calculated following
a b-fold nested cross-validation approach. As we want to tune the parameters of the model and
evaluate its performance a conventional k-fold cross-validation would overestimate the perfor-
mance. The reason being, the test set for tuning parameters is the same than the one used to
test parameters (Stone, 1974, Varma and Simon, 2006). The specific, nested cross-validation

algorithm used, is shown in Algorithm 4.

Friedman et al. (2001) stated that, overall five or ten-fold cross-validation are recommended
as a good compromise between variance and bias. The function that we have considered to
select the tuning parameters and that defines the cross-validation performance, is the accuracy
defined in the same way as in equation (7.7). Besides that, to complement, the same metrics
established in Section 7.3 are considered: normalized mutual information, area under the ROC

curve and Matthews correlation.

12.3.3 Relevance of variables approach

As the RFE-pseudo-samples approach is the one that performs best from the 4 compared (Section
11.1) is the one applied to the Mal067 data. The RFE-algorithm is carried out with the best
SVM model obtained in the nested cross-validation approach. Fifty cutoff points of the range
of the data are used and the range of the pseudo-samples is described to evaluate which is the
interval of pseudo-samples in which most of the antigens lay in. One hundred bootstrap datasets
are generated and the RFE-pseudo-samples algorithm is applied to all of them. Therefore, the

final ranks are based on the average of the 100 relevant ranks.
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Data : Dataset with p variables, time-to-event and status.
Input : K-folds.

Output: Summary statistics in terms of accuracy.

Randomly assign each observation in one of K groups;

R < combinations of parameters vector to be tested in the grid search;
fori=1to K do

Test.Set < Observations in Data € partition i ;

Training.Set < Observations in Data ¢ partition i;

K* «+ Partitions vector different than ¢ (1 to [K — 1]);

for j=1to (K —1) do

Test.Set; < Observations in Training.Set € partition K ;
T'raining.Set; < Observations in Training.Set ¢ partition K7;
for r=1to R do

accuracy;y < accuracy of SV M.inner, into Test.Set?;

end

end
accuracy.r < average accuracyj, for each combination of parameters r;
best.parameters < combination of parameters r with highest accuracy;

SV M.outer; < SVM using Training.Set and parameters vector best.parameters;

Test.outer; < Accuracy of SV M.outer; into Test.Set;
end
Method.per formance < mean of (Test.outery, ..., Test.outery);

return M ethod.per formance

SV M.inner, < SVM using Training.Set;f with combination of parameters r;

Algorithm 4: Pseudo-code for k-fold nested cross-validation methodology given one spe-

cific SVM method.
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12.4 Results

In this section main results related to the Mal067 data are presented for both RTS,S and com-

parator vaccination status.

12.4.1 Data descriptives

The distribution of the main characteristics of the Mal067 participants is shown in Table 12.1.
A total of 459 subjects were analyzed, 449 of them completed the one-year follow-up, and 59 of
them had a clinical malaria event. The proportion of participants lost-to-follow-up was around

2% (5 participants) in the RTS,S cohort and around 3% (5 participants) in comparator cohort.

Table 12.1: Characteristics of participants at post-vaccination (M3) by vaccination status.

Comparator RTS,S p value
(n=154) (n=305)

Site, n(%) Bagamoyo 78 (50.6%) 169 (55.4%) 0.386
Manhica 76 (49.4%) 136 (44.6%)

Age cohort, n(%) 5-17 months 101 (65.6%) 190 (62.3%) 0.556
6-12 weeks 53 (34.4%) 115 (37.7%)

Sex, n(%) Female 89 (57.8%) 152 (49.8%) 0.130
Male 65 (42.2%) 153 (50.2%)

Malaria event, n(%) No 130 (84.4%) 270 (88.5%) 0.274
Yes 24 (15.6%) 35 (11.5%)

Time to follow-up, Med [Q1:Q3] 365 [365;365] 365 [365:365]  0.043

The distribution of each cytokine and chemokine log;o(AMA1/DMSO) ratio by malaria case
and vaccination group is shown in Table 12.2. For the RTS,S cohort the statistically significant
cytokines, at a 5% «a level, are G-CSF, IFN-q, IL-10 and MCP-1. For the comparator cohort
there are no significant cytokines. Related to the Cox models, for the RTS,S cohort the significant
cytokines are the same as in the t-test analysis being all of them a protective effect factor.

The pairwise correlation coefficients (Spearman) between all analytes is shown in Figure
12.1 and Figure 12.2 for RTS,S and comparator vaccinees respectively. Both groups have sim-
ilar correlations pattern and there are no remarkable negative association, i.e., all Spearman
correlations are greater or equal than 0. For both RTS,S and comparator vaccines, G-CSF

cytokine is highly correlated (more than 0.7) with IL-10 and IL-1ra.
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Table 12.2: Comparison of cytokine AMA1/DMSO ratio (logl0 transformed) by malaria and

non malaria events stratified by vaccination status. Hazard ratio of the bivariate Cox model

and the corresponding 95% confidence interval is shown.

RTS,S Comparator
Analyte No malaria Malaria p value HR (95% CI) No malaria Malaria p value HR (95% CI)
EGF 0.05 (0.15) 0.06 (0.10) 0.915 1.13 (0.11;11.5) 0.02 (0.20) 0.07 (0.15) 0.205 4.32 (0.45;41.6)
Eotaxin 0.03 (0.09) 0.03 (0.16) 0.800 1.60 (0.04;61.2) 0.02 (0.17) 0.02 (0.07) 0.987 1.02 (0.08;12.3)
FGF 0.03 (0.23) 0.03 (0.16) 0.985 1.01 (0.23;4.50) 0.03 (0.26) 0.09 (0.20) 0.249 2.18 (0.58;8.22)
G-CSF 0.02 (0.10) -0.03 (0.17) 0.017 0.07 (0.01;0.62) 0.01 (0.19) 0.02 (0.06) 0.915 1.13 (0.11;11.2)
GM-CSF 0.04 (0.15) 0.01 (0.24) 0.295 0.43 (0.09;2.10) 0.04 (0.19) 0.06 (0.06) 0.561 1.81 (0.25;13.2)
HGF 0.02 (0.13) 0.00 (0.11) 0.482 0.40 (0.03;5.22)  -0.01 (0.26) 0.06 (0.19) 0.160 2.76 (0.67;11.4)
IFN-a 0.02 (0.05) -0.02 (0.10) 0.001 0.00 (0.00;0.06) 0.01 (0.15) -0.02 (0.15) 0.501 0.48 (0.06;4.10)
IFN-v 0.00 (0.20) 0.01 (0.27) 0.978 1.02 (0.20;5.11) 0.02 (0.25) 0.01 (0.15) 0.952 0.95 (0.17;5.30)
IL-10 0.05 (0.13) 0.00 (0.24) 0.041 0.19 (0.04;0.93) 0.05 (0.21) 0.06 (0.08) 0.872 1.19 (0.15;9.41)
IL-12 0.02 (0.12) -0.02 (0.24) 0.080 0.25 (0.05;1.18) 0.04 (0.20) 0.02 (0.08) 0.688 0.64 (0.07;5.64)
IL-13 0.01 (0.06) 0.00 (0.09) 0.267 0.08 (0.00;6.89) 0.01 (0.14) 0.02 (0.05) 0.694 1.73 (0.11;26.8)
I1L-15 0.04 (0.16) 0.00 (0.17) 0.083 0.27 (0.06;1.19) 0.06 (0.21) 0.05 (0.12) 0.825 0.79 (0.09;6.65)
IL-17 0.03 (0.08) 0.04 (0.09) 0.646 2.46 (0.05;115) 0.01 (0.17) 0.02 (0.08) 0.596 2.23 (0.12;42.7)
IL-183 0.01 (0.08) 0.00 (0.15) 0.250 0.17 (0.01;3.47) 0.01 (0.18) 0.03 (0.06) 0.589 1.78 (0.22;14.6)
IL-1ra 0.03 (0.11) 0.01 (0.16) 0.256 0.21 (0.01;3.14) 0.04 (0.20) 0.07 (0.23) 0.453 1.92 (0.35;10.5)
1L-2 0.06 (0.18) 0.00 (0.24) 0.068 0.22 (0.04;1.12) 0.05 (0.21) 0.07 (0.12) 0.729 1.40 (0.21;9.35)
IL-2r 0.02 (0.05) 0.01 (0.07) 0.368 0.07 (0.00;22.4) 0.01 (0.18) 0.03 (0.06) 0.547 1.88 (0.24;14.7)
IL-4 0.01 (0.05) 0.00 (0.07) 0.387 0.06 (0.00;32.2) 0.01 (0.17) 0.01 (0.03) 0.969 1.05 (0.07;15.2)
IL-5 0.00 (0.09) 0.01 (0.11) 0.618 2.59 (0.06;109) 0.01 (0.14) 0.03 (0.07) 0.327 5.77 (0.17;193)
IL-7 0.00 (0.07) 0.02 (0.08) 0.241 16.3 (0.15;1741) 0.00 (0.17) 0.03 (0.14) 0.446 2.64 (0.22;31.8)
IP-10 0.01 (0.05) 0.01 (0.05) 0.804 0.45 (0.00;239) 0.01 (0.16) 0.02 (0.05) 0.657 1.75 (0.15;20.6)
MCP-1 0.01 (0.13) -0.07 (0.27) 0.001 0.10 (0.02;0.40) 0.00 (0.21) 0.00 (0.13) 0.949 1.07 (0.13;8.48)
MIG 0.02 (0.14) 0.03 (0.11) 0.696 1.61 (0.15;17.4) 0.01 (0.19) 0.02 (0.08) 0.728 1.50 (0.16;14.4)
MIP-1a -0.01 (0.14)  -0.01 (0.22) 0.936 0.91 (0.10;8.60) 0.02 (0.23) -0.01 (0.12) 0.521 0.53 (0.07;3.73)
MIP-18 0.03 (0.34) 0.00 (0.49) 0.618 0.79 (0.30;2.03) 0.05 (0.45) -0.06 (0.35) 0.243 0.56 (0.21;1.48)
RANTES 0.04 (0.14) 0.07 (0.16) 0.171 2.98 (0.62;14.3) 0.04 (0.20) 0.03 (0.11) 0.930 0.91 (0.10;7.94)
TNF 0.70 (0.41) 0.82 (0.41) 0.121 1.84 (0.85;3.97) 0.80 (0.49) 0.69 (0.48) 0.258 0.63 (0.29;1.40)
VEGF 0.02 (0.06) 0.01 (0.09) 0.303 0.10 (0.00;8.08) 0.02 (0.17) 0.03 (0.07) 0.797 1.37 (0.13;15.0)
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Figure 12.1:

Spearman correlation be-

tween all cytokines for RTS,S vaccination

status group at M3 timepoint.

Figure 12.2:

Spearman correlation be-

tween all cytokines for comparator vacci-

nation status group at M3 timepoint.
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The Kaplan-Meier survival curves for each vaccination group are shown in Figure 12.3. Sur-
vival probability at 12 months follow-up is higher for RTS,S cohort compared to the comparator
one, although this difference is not statistically significant according to the log-rank test (p value
= 0.167).

Vaccination status at M3

1.0

RTS,S

0.9

Comparator

0.8
|

p value = 0.167

Survival Probability
0.7

0.6

0.5

T T T T T T T T T T T
0 40 80 120 160 200 240 280 320 360 400

Days to malaria

Figure 12.3: Kaplan-Meier survival curves by vaccination status with the 95% confidence
intervals. The p value of the log-rank test comparing both survival curves is shown. Censored

participants are represented as +.

We assessed the assumption of proportionality of hazards over time for each analyte through
Schoenfeld residuals. Two cytokines are statistically significant in the RTS,S cohort: TNF and
IFN-v with p value lower than 0.001 and 0.023 respectively (Appendix Table E.1), suggesting a
non-proportionality for these two analytes. Visual inspection of Schoenfeld residuals (Appendix
Figure E.1), suggests that the non-proportionality is confirmed for TNF, although is not a re-
markable non-proportionality. For IFN-~, the plot does not indicate a clear non-proportionality.
In the comparator cohort no markers are statistically significant (Appendix Table E.1) and after

visual inspection (Appendix Figure E.2) results are confirmed.
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12.4.2 Model performance

Table 12.3 shows the results after applying the 5-fold nested cross-validation by each one of
the two vaccination groups. Metrics based on normalized mutual information and Matthews
correlation are not reproducible in repetitions of cross-validation possibly because the number

of cases in each cross-validation fold was limited.

Table 12.3: Summary results of the 5-fold nested cross-validation by method and vaccination

group. Average accuracy and area under the ROC curve (C-statistic) is shown.

RTS,S Comparator
Method Accuracy AUC Accuracy AUC
Cox model 0.85 0.63 0.69 0.58
Kernel Cox 0.73 0.60 0.48 0.59
wSVM-KM 0.88 0.63 0.84 0.69
wSVM-Prop 0.86 0.58 0.84 0.65
pSVM-linear-KM 0.88 0.68 0.83 0.70
pSVM-linear-prop 0.88 0.63 0.83 0.70
pSVM-radial-KM 0.88 0.64 0.84 0.68
pSVM-radial-prop 0.86 0.60 0.82 0.63
LUPI-linear-KM 0.88 0.66 0.84 0.71
LUPI-linear-prop 0.85 0.64 0.82 0.70
inSVM-gradient 0.88 0.64 0.82 0.74
inSVM-averaging 0.88 0.64 0.83 0.72

The performance of the Kaplan-Meier approaches, compared to the proportional time within
the same method are better, or at least equal. This is not the case specially for the AUC
metric for both cohorts. Cox model performs better than kernel Cox regression for both RTS,S
and comparator cohort. The best performance for RTS,S cohort is pSVM-linear-KM with an
accuracy of 0.88 and AUC of 0.68. The lowest accuracy is observed in kernel Cox with 0.73
but the lowest AUC is found in wSVM-proportional approach (0.58). With respect comparator
vaccinees, the best performance is observed in LUPI-linear-KM with an accuracy of 0.84 and
AUC of 0.71. The worst accuracy is found in kernel Cox (0.48) and worst AUC in Cox model
(0.58). The accuracy results, overall for all methods, are larger in RTS,S cohort compared to
the comparator one, but the AUC results are larger in comparator vaccinees, except for Cox

and kernel Cox regression.
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12.4.3 Relevant cytokines, chemokines and growth factors

To perform the relevant antigens analysis the pSVM-radial-KM method have been used since
it is one of the best methods and is based on a non-linear kernel. The RFE-pseudo-samples
summary of all 100 bootstrap samples for the first RFE iteration (the model with all markers)
is shown in Figure 12.4 for the RTS,S cohort and Figure 12.5 for comparator vaccination group.
For RTS,S cohort the most relevant analytes are: FGF, RANTES, IL-5 and TNF, being all of
them risk factor for malaria. In comparator cohort, the most relevant markers are: IL-15 and
FGF being the former protector and the latter risk factor. The variability of results, shown by

the width of the confidence bands, is higher in comparator group.

RTS,S
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\
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Figure 12.4: Summary of the first iteration for 100 bootstrap samples for the RTS,S cohort.
RFE-pseudo-samples approach is applied. Smoothness is created using non-parametric local

regression (LOESS) with the corresponding 95% confidence interval.

In Figure 12.6 relevant ranks for both RTS,S and comparator are shown summarizing the
100 bootstrap samples after applying the RFE algorithm. For RTS,S cohort the 5 most relevant
analytes are: RANTES, IL-12, G-CSF, Eotaxin and EGF with an average rank of 6.96, 8.13,
9.49, 10.33 and 11.06, respectively. For comparator cohort the 5 most relevant antigens are:
1L-15, TP-10, IL-2, MIP-1a¢ and HGF with an average relevance rank of 9.72, 9.76, 9.93, 10.43
and 10.73. In appendix Table E.2 the specific mean and standard deviation summarizing the

rank of the 100 bootstrap samples is shown.
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Figure 12.5: Summary of the first iteration for 100 bootstrap samples for the comparator
cohort. RFE-pseudo-samples approach is applied. Smoothness is created using non-parametric

local regression (LOESS) with the corresponding 95% confidence interval.
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Figure 12.6: Comparison of the relevant antigens for both RTS,S and comparator cohort
applying the RFE-pseudo-samples algorithm. Average relevant rank is measured as the average
of 100 bootstrap samples. The lower the rank the most relevant the cytokine is for the specific

vaccination group.






Chapter 13

Discussion and Future Research

13.1 Discussion

This part of the thesis has explored the relevant cytokines, chemokines and growth factors
associated with the RTS,S and comparator vaccines for the Mal067 subjects. It is accepted that
the antigens associated with the naturally acquired immunity are IFN-+, TNF and IL-10.

The main characteristic of the Mal067 data, both RTS,S and comparator groups, is the
proportion of events and censoring, i.e., there is approximately a 2% of censored data during
the follow-up. In terms of SVM methods it has been discussed how the classes unbalancing can
affect results. However, is not clear which cutoff is the one that defines a balanced data from an
unbalanced one and in survival is more complicated because we have censored data. Another
issue is the one related with proportion of censoring along the follow-up time. All proposed
survival-SVM methods are based on SVM for binary classification, thus tend to be equivalent
to the classical SVM in no censoring situations. For that reason, the proposed methods per-
form pretty similar, although the Kaplan-Meier approach performs better both in accuracy and
discrimination metrics. The Cox model in RTS,S cohort performs similarly to SVM methods,
probably due to the fact that there is more than one event per variable (must be noted that a
nested cross-validation have been applied). In comparator cohort the performance is much lower
due to the fact that there are fewer events per variable. Kernel Cox performance is similar to the
Cox one in terms of AUC but not in terms of accuracy. One explanation to this is that the kernel
Cox score discriminates better the relative risk between two participants but the estimation of
absolute risk is worst.

Regarding the RFE-pseudo-samples approach an interesting issue is related to the variability
of the bootstrap samples. Although, comparator sample size is much lower than RTS,S the
standard deviation of the bootstrap samples and the bands in the first iteration figure it’s an
information to complement how accurate an reliable results are.

With regards, the specific relevant analytes from three accepted antigens associated to nat-
urally acquired immunity, IFN-v, TNF and IL-10, only IL-10 is significant for the RTS,S cohort
applying a univariate test. When analyzing the first iteration of the RFE-pseudo-samples algo-
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rithm, i.e., the model with all antigens, TNF appears as relevant in the RTS,S cohort and IL-10
could be also identified in the comparator cohort. This relevance is maintained when perform-
ing the RFE algorithm specially for the RTS,S cohort: TNF ranks position 7 out 28; for the
comparator cohort IL-10 ranks 12. As mentioned in Chapter 8.2 one aspect to consider is the
non-proportionality due to a time-varying coefficient. With respect TNF and as explained in
Section 12.4, we have observed non-proportionality in the RTS,S cohort, we haven’t addressed

this specific non-proportionality but perhaps this aspect could influence observed results.

13.2 Future research

One point of interest for future research is to compare the presented results in this thesis with
other methods such as partial Cox regression (Li and Gui, 2004) to check whether results are
consistent or not. One important issue to analyze is a specific subgroup analysis by specific age
cohort and site to discard confounding effects in our observed results. Specially important, is
the analysis by age cohort since the naturally acquired immunity it is highly dependent on age.
Following the same rationale, analysing data at baseline, prior receiving the first dose of the
vaccine would be of interest to measure baseline levels of AMA1 by cytokine and compare them

to the M3 timepoint and due to the fact that differences between age cohort are larger.
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Chapter 14

Conclusions

This thesis has focused on SVM methods for analysing survival data with censored observations.

A part of the document has considered algorithms for visualizing and ranking variables in the

SVM framework according to their relevance. The third considered aspect has been modelling

and exploring the relevance of a 30-panel cytokines and chemokines associated with a correlate

of protection induced by the RTS,S vaccine. The research has explored three main aspects:

1.

The study of methods for dealing with time-to-event data into the SVM for binary classi-

fication framework.

. The study of algorithms for visualizing and ranking the relevance of variables into the

SVM for survival analysis framework.

The classification of relevant cytokines and chemokines associated with a correlate of

protection induced by the RTS,S vaccine.

With regards to the first issue:

e It has been shown that:

The proposed conditional survival approach improves the prediction performance

compared to the proportionality of time method.
The LUPI model for survival analysis performs similar to the wSVM.
The proposed inSVM model performs similar to the best survival-SVM method and

Cox regression in proportionality of hazards scenarios and around 4 events per vari-
able.

The performance of the proposed inSVM method is, from all studied methods, the
most robust to modifications of censoring (proportion and distribution) and violation
of proportionality of hazards assumption.

The proposed wSVM performance, independently of the approach used for estimating
the weights, is influenced by the censoring proportion and proportionality of hazards

assumption violation.
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e It has been developed R code that:

— Implements LUPI approach, allowing any kernel for decision and correcting space.
— Implements pSVM method.
— Implements wSVM approach.

— Implements inSVM method for both gradient and averaging local invariances. It
implements both alternatives in terms of observations used in the estimation (only

unknown classes or all observations).

With regards to the second issue:

e It has been proposed a RFE-pseudo-samples algorithm that:

— It allows to visualize and interpret the association and relevance of each variable with

the time-to-event response variable.

— It ranks the variables according to their relevance.

e It has been proposed a RFE-KPCA-maxgrowth algorithm, with two alternative approaches,
that:

— It allows to compare the direction of maximum growth of an SVM decision function
and compare it with all predictor variables.

— It ranks the variables according to their relevance.

e It has been shown that:

— The RFE-pseudo-samples approach improve the ranking of the Guyon-RFE for non-
linear kernels and RFE-KPCA-maxgrowth algorithm.

— The KPCA-maxgrowth-prediction performs better than KPCA-maxgrowth function

and similar to Guyon-RFE for non-linear kernels.

With regards to the third issue:

e The study of the methods have revealed that the proposed SVM for survival analysis
approaches perform better than the proportional hazards model and kernel Cox regression

for both RTS,S and comparator cohorts.

e The study of the relevant cytokines and chemokines has shown that:

— For RTS,S cohort the five most relevant cytokines are: RANTES, IL-12, G-CSF,
Eotaxin and EGF.

— For comparator cohort the five most relevant antigens are: 1L-15, IP-10, IL-2r, MIP-
la and HGF.
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Resum en catala

1.1 Introduccio

El procés de creacié d’'una vacuna eficag contra la malaria és complex degut a les caracteristiques
del parasit responsable. En la interaccié vacuna-malaltia s’han de tenir en compte molts aspectes
per millorar la vacuna, i sobretot entendre-la. En aquest context, trobar noves maneres de predir
i modelar la malaltia, aixi com de trobar els marcadors més importants associats amb la malaltia,
millorara el coneixement i com a conseqiiéncia ’eficacia de la vacuna. Aquest és precisament
I’objectiu de 'estudi analitzat en aquesta tesi, Mal067, identificar correlats de proteccié de la
vacuna contra la malaria RTS,S.

La tecnologia Luminex® permet analitzar un elevat nombre de proteines amb una mostra
de sang molt petita. La combinacié d’aquest tipus de tecniques amb un elevat nombre de
variables comparat amb el nombre d’observacions, fa que els metodes estadistics classics tinguin
problemes a 'hora d’analitzar aquestes dades. Les maquines de suport vectorial (SVM) no
presenten problemes a 'hora d’analitzar dades amb moltes observacions i poques variables.
Aquesta tecnica va ser ideada inicialment per classificar individus que pertanyien a dos grups
diferents i a partir d’aquesta idea inicial diferents extensions s’han anat desenvolupant al llarg
del temps. Per altra banda, en moltes ocasions, la recerca cientifica recull dades de ’estil temps
fins a esdeveniment (dades de supervivencia). Els metodes desenvolupats per estendre SVM a
dades temps fins a esdeveniment s’han focalitzat en una branca molt concreta, la de regressio,
deixant de banda la recerca basant-se en ’aproximacio de resposta binaria. A més, un aspecte
no resolt al voltant dels models SVM és el referent a visualitzacié i mesura de la rellevancia de
variables en el context de kernels no lineals. Aquest punt es torna molt important en la recerca
de la millora d’una vacuna ja que, identificar correlats de proteccid, antigens per exemple, induits

per la vacuna és crucial.

1.1.1 Infeccié de malaria

La malaria és una infeccié transmesa per la picada del mosquit femella Anopheles. Quan un
mosquit pica a una persona infectada, agafa una petita quantitat de sang que conté el parasit.
El parasit va passant per diferents fases i transformacions, fins que una setmana després, aproxi-
madament, pot tornar a ser transmes. Aix{ doncs, en la propera picada, el mosquit injecta

la saliva i el parasit, i transmet la malaria a una altra persona. Plasmodium falciparum, un
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dels cinc tipus de parasits transmissors de la malaria, és el causant de la malaria més severa.
Durant I’any 2015 van haver-hi uns 214 milions de casos i 438.000 morts degudes a la malaria
(WHO, 2015), majoritariament en nens de I’Africa sub-Sahariana, on P.falciparum és 'especie
predominant. Les principals co-morbiditats associades a malaria sén: anemia en nens i dones

embarassades, poc pes al naixement, naixements prematurs i danys neurologics.

Existeixen diverses vacunes, cadascuna enfocada en una etapa de la infeccié. La vacuna en
estat més avancat és la vacuna RTS,S. Recentment, ’estudi Mal055, un assaig clinic en Fase III,
multi-céntric ha avaluat I'eficacia de la vacuna a un any. L’eficacia ha estat al voltant d’un 56%
en nens d’entre 5 i 17 mesos d’edat, i al voltant d’un 31% en nens d’entre 6 i 12 setmanes d’edat
(RTS,S Clinical Trials Partnership, 2015). La vacuna, pero, confereix proteccié limitada en el
temps. Entendre la immunitat conferida per la vacuna ajudara a desenvolupar-la i millorar la

seva. eficacia i duracié de la proteccid.

Pel que fa a la definicié de malaria es va definir com participants que van anar al centre de

salut i van presentar algun valor de P.falciparum en sang.

1.1.2 Dades de citocines, quimiocines i factors de creixement

La immunitat cel-lular és un procés complex que involucra diversos tipus de cel-lules. Aquestes
cél-lules es poden quantificar mitjancant tecnologia multiplex, que habitualment es realitza util-
itzant la plataforma Luminex®. Aquest assaig permet mesurar citocines, quimiocines i factors

de creixement simultaniament utilitzant un petit volum de sang.

Generalment, en aquests assajos es mesura la fluorescencia de les mostres utilitzant diferents
grups de perles dipositats en plaques de 96 pouets. Després de realitzar tot el procés s’obté
com a mesura final la mediana de la intensitat de la fluorescencia (MFI) de totes les perles per
mostra. El MFI es converteix en concentracié mitjancant corbes estandard, creades a partir
de les anomenades mostres estandard (amb concentracié coneguda). Aquesta concentracié per
mostra és la mesura que s’utilitza com a mesura per comparar els diferents grups de individus,

és a dir, és la mesura de la concentracié d’aquell antigen en la mostra.

El panell de 30 antigens que es va utilitzar per analitzar el component cel-lular de ’estudi
Mal067 va ser: factor de creixement epidermic (EGF), Eotaxin, factor de creixements dels fibrob-
lasts (FGF), factor estimulant de colonies de granulocits (G-CSF), factor estimulant de colonies
de granulocits i macrofags (GM-CSF), factor de creixement d’hepatocits (HGF), interfer6 (IFN)-
a, IFN-7, interleucina (IL)-1RA, IL-1p, 1L-2, IL-2R, IL-4, IL-5, IL-6, IL-7, IL-8, IL-10, IL-
12(p40/p70), IL-13, IL-15, IL-17, proteina induida IFN-v (IP-10), proteina quimio-tactica de
monocits (MCP-1), monocits induits per IFN-y (MIG), proteina inflamatoria macrofaga (MIP)-
la, MIP-13, ceél-lula T normal expressada i secretada regulada en activacié (RANTES), factor

de tumor necrotic (TNF), i factor de creixement de l’endoteli vascular (VEGF).

Dintre d’aquest panell, i normalment, qualsevol panell hi han blocs d’antigens amb diferents

nivells de correlacié degut a la seva naturalesa.
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1.1.3 Immunitat natural adquirida

Cada mostra de cada participant de 'estudi Mal067 va ser estimulada amb 5 antigens diferents
per avaluar diferents aspectes de la vacuna. L’estimulacié en la que es focalitza ’analisi d’aquesta
tesi és I'antigen apical de membrana 1 (AMAL1), suspesa en dimetilsulfoxid (DMSO). Per cada
mostra es va mesurar la concentracié de I'antigen per I'estimulacié AMA1 i DMSO, el control
negatiu. Per tant, cada participant té els seus propis valors d’AMA1 i DMSO. Per tal de
comparar els valors entre participants es necessari comparar la raé AMA1/DMSO. Normalment,
aquesta nova variable és asimetrica i s’acostuma a aplicar la transformacié logaritmica.

La importancia de I'estimulacié AMA1 esta relacionada amb el que es coneix com a immu-
nitat natural adquirida (NAI). A I’Africa sub-Sahariana la majoria d’habitants estan infectats
continuament per P.falciparum, i la majoria d’adults infectats en rares ocasions experimenten
la malaltia. Els nivells de parasits serien letals en una persona no exposada a la malaria, pero a
ells els permet realitzar les seves tasques diaries. S’ha demostrat que nivells d’anticossos d’anti-
AMAT1 estan presents en aquells que han adquirit immunitat natural. Aixi doncs, entendre els
mecanismes de proteccié de immunitat adquirida és important en el desenvolupament de noves

vacunes, i en el cas de I'estudi Mal067, de la vacuna RTS,S.

1.1.4 Analisis de la supervivencia

Un dels models que s’utilitza habitualment en estadistica per analitzar dades de tipus temps
fins a esdeveniment és el model de riscos proporcionals de Cox. Aquest model queda expressat

per la funcié de risc
Atlx;) = Ao(t) exp((x;, 3)) (1.1)

on A(t|x;) és el risc en el moment ¢ per un individu ¢ amb vector de covariables x;, A\o(t) és la
funcié de risc basal i 8 és el vector de coeficients del model. El model assumeix que la funcié
de risc basal és comn a tots els individus de la poblacié. En aquest model, el risc d’un subjecte
s’incrementa de manera multiplicativa amb les covariables. En el model de Cox la funcié de risc
basal es pot modelitzar de manera parametrica o semi-parametrica. El cas més utilitzat és la

versié semi-parametrica. La funcié de log-versemblanca parcial queda expressada com:

log(£(B)) =Y _d; | (B.@:) —log | Y exp((z;, ) (1.2)
=1

) JER;

Maximitzant la funcié de versemblanga parcial, es poden obtenir els estimadors maxim versem-
blants que sén assimptoticament no esbiaixats, eficients i amb distribucié normal.

Tot i ser un model molt flexible. El model de riscos proporcionals de Cox fa una serie
d’assumpcions (Therneau, TM. and Grambsch, PM., 2000):

e La variable temps fins esdeveniment és una variable continua. A la realitat, aquesta as-
sumpcié no es compleix, ja que en dades reals acostumen a haver-hi temps iguals (empats).

Tot i aixo hi han diferents aproximacions per tractar aquest aspecte.
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e Linealitat i additivitat dels predictors amb respecte el log-risc.
e Proporcionalitat de riscos al llarg del temps (o ra6 de riscos constants).

e Les observacions han de ser independents i identicament distribuides. En cas de que
aquesta situacié no es doni existeixen extensions com els models de fragilitat compartida,

que permeten tractar amb dades no independents.

Un altre aspecte important és el referent al numero minim d’esdeveniments per variable
(EPV). La funci6 de versemblanca parcial depen del nombre d’esdeveniments i no de la grandaria
mostral total. Simulacions portades a terme per Concato et al. (1995) i per Peduzzi et al. (1995)
conclouen que el minim EPV pel model de riscos proporcionals de Cox és 10. Vittinghoff and
McCulloch (2007) va trobar que els resultats incloent de 5 a 9 EPV eren comparables a aquells
incloent de 10 a 16 EPV. En tot cas, els tres estudis van estar d’acord en que els resultats
on ’analisi tenint en compte variables confusores no es pot dur a terme sense violar el minim

numero d’EPV, han de ser interpretats amb cura.

1.2 Maquines de suport vectorial

La metodologia SVM va ser desenvolupada per Cortes and Vapnik (1995). Intuitivament aquests
models estan basats en classificar dos grups d’observacions mitjancant un hiperpla (superficie
de decisi6 lineal). Aquest hiperpla maximitza la distancia, precisament, entre el pla i les obser-
vacions. El gran avantatge dels SVM és que permeten implementar funcions no lineals, nuclis
o kernels, per tal de representar les dades en un espai de dimensions diferents a 1’original mit-
jancant ’anomenat truc kernel.

L’expressié SVM més coneguda expressada en termes de hiperplans, s’expressa com:

1o -
it 1 c '
minimitzar 2HwH + i:E 1 &

subjecte a & >0, 1=1,...,n,
yi((w,z;)) +b) >1-&, i=1,...,n

on w és el vector de pesos del hiperpla, x; és el vector de covariables de I'observacié i, y; € {£1}
és la classe a la que pertany l'observacié' i, C' és la constant de regularitzacié que permet
violacions de les restriccions i maximitzen el marge global i b és el llindar o biaix. El pro-
blema d’optimitzaci6 a (1.3) és quadratic, amb un minim sempre observable que és el problema
d’optimitzacié primal. Aquest problema s’ha de resoldre en el dual.

Una vegada calculada la Lagrangiana i aplicant les simplificacions corresponents, obtenim el

'En els models SVM per classificacié binaria, pertanyer a una classe o grup de individus s’expressa com a +1.
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problema dual

n

o 1~y
mlnlrgltzar B Z Z OG0G Y Y5 (x;, mj> - Z Qg

i=1 j=1 i=1
subjecte a 0<a; <C, i=1,...,n, (1.4)
n
Z%‘%’:O, i=1,...,n
i=1

Després de trobar el vector a optim es pot demostrar que la funcié de decisié queda expressada

com:

f(x) = sign (Z a;(xi, x)y; + b> (1.5)

i=1
Aplicant el truc kernel, podem substituir els productes escalars de ’expressié de SVM i de la

funcié de decisié per un kernel definit positiu. Els kernels més utilitzats sén el Gaussia i el lineal:
e Lineal:
k(z,z') = (z,z')
aquest és el producte escalar habitual.

e Gaussia:
k(z, 2') = exp(—ollz — 2'|%)
o en una formulacié diferent,

|z —a'|]?
202

)

on o > 0. Una de les principals caracteristiques és que k(x,x) = 1.

k(x,z') = exp(—

1.3 SVM per supervivencia i rellevancia de variables

1.3.1 Extensions SVM per supervivencia

Les principals aproximacions a dades de supervivencia utilitzant SVM identificades a la literatura

es poden classificar en:

Regressioé kernel de Cox. Aquest metode no és una extensié especifica del SVM pero és el pas
natural a metodes kernel de la regressié de Cox. Li and Luan (2003) van aplicar métodes
kernel a la versemblanca parcial del model de Cox, expressant-la com a una funcié de

perdua.

Aproximacio utilitzant regressié de suport vectorial. Prenent com a referencia la regressio
de suport vectorial basada en la funcié de perdua e, Shivaswamy et al. (2007) van presentar
un metode enfocat basicament a la prediccié del temps de supervivencia, incloent el indi-
cador de censura. Altres aproximacions sén la de Van Belle et al. (2010) que utilitzen una

versié de SVM basades en minims quadrats per ordenar noves observacions amb respecte
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el seu temps de supervivencia; o 'aproximacié de Kim and Jeong (2006) on proposen uti-
litzar minims quadrats ponderats mitjancant pesos basats en I'estimador Kaplan-Meier de

supervivencia.

Classificacié ordinal suport vectorial. A Van Belle et al. (2007), Van Belle et al. (2008) i
Evers and Messow (2008) I’aproximaci6 esta basada en ordenar les observacions a partir
de la maximitzacié de l'estadistic C de Harrell (Harrell et al., 1984). L’objectiu principal

del model és predir un index pronostic.

Madaquines de suport vectorial per classificacié binaria. Shiao and Cherkassky (2013) van
proposar utilitzar el metode SVM basat en aprenentatge utilitzant informacié privilegiada
(Vapnik and Vashist, 2009), que utilitza la censura com a informacié privilegiada només
disponible a les dades d’entrenament. L’altra aproximacioé que els autors proposen és uti-
litzar SVM amb incerteses (Niaf et al., 2011), aquest metode permet afegir un determinat
grau de confianca a la classe de cada observacié permeten un grau de incertesa en la
definici6 de classe. En ambdds metodes, Shiao and Cherkassky (2013) proposen introduir

la informacié de la censura com la proporcié de temps de seguiment de I’'observacié.

1.3.2 Implementacié en R

Pel que fa a metodes SVM per supervivencia no hi han funcions especifiques o paquets imple-
mentats en R, excepte el paquet survpack (Evers, 2009) que implementa la regressié kernel Cox

i diferents extensions d’aquest metode.

1.3.3 Comentaris generals i problemes adregats en aquesta tesi

La major part d’extensions realitzades per supervivencia estan enfocades a regressié. De la
revisié realitzada a la literatura no s’han trobat diferéncies significatives a ’hora de comparar
els metodes de SVM per supervivencia amb la regressié de riscos proporcionals de Cox o la
regressio kernel Cox, indicant que s’ha de fer més investigacié amb respecte a aquesta area. A
més, no hem trobat investigacié rellevant pel que fa a extensions en supervivéncia basant-se en
SVM per classificacié binaria. Per tant, hi ha una oportunitat de investigar noves aproximacions
i comparar-les amb el model de Cox o kernel Cox. L’aproximacié de SVM per classificacié binaria
per part de Shiao and Cherkassky (2013) enfoca les dades censurades en base a la proporcionalitat
de temps de seguiment, és a dir, utilitzant la proporcié de temps que s’ha seguit a 1’observacio.
Aixo implica, que una observacié censurada al principi del seguiment tindra el mateix pes,
sigui quina sigui la supervivencia final de la cohort. Un altre aspecte pendent de fer recerca és
investigar noves aproximacions basades en classificacié binaria, es necessiten més metodes per
tenir una perspectiva global del problema de dades de supervivencia en el context de SVM.

Especificament, la present tesi s’aproxima als buits trobats en la recerca:

e Proposant un metode alternatiu a la proporcionalitat de seguiment suggerida per Shiao and

Cherkassky (2013) quan s’utilitza el metode SVM amb incerteses i SVM amb informacié
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privilegiada, mitjancant la supervivencia condicionada al temps de seguiment.

e Proposant una aproximacié des de la perspectiva SVM per classificacié binaria semi-

supervisada al tractament de les censures.

e Avaluant el metode SVM per classificacié binaria poderada aplicada a dades de super-

vivencia.

e Implementant en R els metodes proposats.

1.3.4 Rellevancia de variables

Existeixen tres gran metodes per identificar la rellevancia de les variables en el context SVM (i

machine learning en general):

Meétodes filtre. Avaluen la rellevancia de les variables mirant les propietats intrinseques de les
dades sense tenir en compte la informacié proporcionada per 'algoritme de classificacio.
Com exemple, Chen and Lin (2006) proposen alguns meétodes filtre combinats amb SVM.
Un d’ells és la puntuacié de Fisher, que també és el metode proposat per Maldonado
and Weber (2009). Basades en aquesta puntuacié les variables amb un valor més baix es

descarten i només les restants s’inclouen en el model SVM.

Meétodes embolcall. L’avaluacié d’un grup especific de variables s’obté mitjancant un model
de classificacié. Es a dir, un algoritme de recerca de importancia de variables embolcalla
Palgoritme de classificacié. Guyon et al. (2002) proposen un dels metodes més utilitzats per
seleccié de variables en el context SVM. El metode es conegut com Eliminacié Recursiva
de Variables (RFE-SVM) i I’algoritme consisteix, utilitzant el kernel lineal, en donat un
model SVM amb totes les variables, anar excloent a cada iteracié la variable amb un valor
del vector pes w menor. D’aquesta manera el resultat final obtingut d’aplicar aquest

algoritme és un ranquing de les variables segons la seva rellevancia.

En el mateix article els autors proposen una aproximacié per kernels no lineals. La idea
és aplicar 'algoritme RFE-SVM pero eliminant aquelles variables amb menor canvi en el

valor de la funcié de cost assumint els mateixos valors pels parametres a cada iteracio.

Meétodes d’encastat. La cerca pel conjunt de variables més rellevants es realitza en la con-
strucci6é de l'algoritme de classificacié. Totes les aproximacions trobades a la literatura
estan limitades al kernel lineal i a la vegada estan basades en modificacions en el terme
de penalitzacié. Aytug (2015) va formular dues versions del que anomenen problema de
seleccio de variables, una on explicitament restringeix el nombre de variables i una altra
que penalitza el nombre de variables. Becker et al. (2009) i Becker et al. (2011) proposen
una versio penalitzada dels metodes SVM amb diferents termes de penalitzacié. Depe-
nent de la forma d’aquesta penalitzacio els autors proposen les segiients versions de SVM:
Ridge SVM, LASSO SVM, Elastic net SVM, SCAD SVM i Elastic-SCAD SVM. Aquests

metodes es poden aplicar inicament amb el kernel lineal.
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1.3.5 Implementacio en R

El paquet penalizedSVM implementa els metodes descrits en Becker et al. (2009) i Becker et al.
(2011). L’algoritme RFE esta implementat i disponible al paquet caret (Kuhn, 2016), encara
que la mesura per la importancia de variables no esta basada en el vector de pesos si no en

'error quadratic mitja, R?, precisié o Kappa depenent del metode de classificacié o regressié.

1.3.6 Comentaris generals i problemes adregats en aquesta tesi

El principal avantatge dels meétodes SVM és la possibilitat de incorporar kernels no lineals. Un
algoritme de seleccié de variables hauria de ser capag¢ de tractar amb aquest tipus de kernels.
Els metodes embolcall sén els que millor s’aproximen a aquesta idea: i) sén més eficients que els
metodes filtre i ii) els metodes encastats estan focalitzats a kernels lineals. El meétode embolcall
de referéncia és 'algoritme RFE proposat per Guyon et al. (2002). Un altre aspecte important,
on els metodes embolcall no sén prou eficients és en la visualitzacié i interpretacié dels resultats
obtinguts durant el procés RFE. Per altra banda, aquest algoritme, per kernels no lineals,
permet fer un ranquing de variables pero no comparar el comportament de les variables en una
iteraci6 especifica, i tampoc interpretar els resultats tenint en compte: associacié amb la variable
resposta, associacié amb les altres variables i magnitud d’aquesta associacié.

Especificament, la present tesi s’aproxima als buits trobats en la recerca:

e Proposant un metode basat en ’algoritme RFE que permet visualitzar la rellevancia de

variables graficant les prediccions d’un model SVM.

e Proposant dos algoritmes basats en el metode RFE i en la representacié de variables en

Pespai de les components principals kernelitzades (KPCA).

1.4 Objectius

1.4.1 Objectius principals

Els objectius principals d’aquesta tesi sén:

1. Desenvolupar metodes SVM per tractar dades temps fins esdeveniment en el context de

SVM per classificacié binaria.

2. Desenvolupar metodes per visualitzacié i ranquing de variables en el context de metodes

SVM per dades censurades.

3. Identificar les citocines, quimiocines i factors de creixement rellevants associats amb cor-

relats de proteccié induits per la vacuna RTS,S en 'estudi Mal067.

1.4.2 Objectius especifics pels metodes SVM per dades de supervivencia

Els objectius especifics pels metodes proposats per SVM en supervivencia sén:
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. Avaluar Paproximacié de supervivencia condicionada comparada amb la de proporciona-

litat de seguiment en els metodes proposats.

. Avaluar el comportament global dels metodes proposats comparats amb el model de riscos

proporcional de Cox i la regressié kernel Cox en escenaris especifics segons: distribucié de

la censura, grandaria mostral i compliment de I'assumpcié de proporcionalitat de riscos.

. Implementar el codi en R dels models SVM comparats.

1.4.3 Objectius especifics per visualitzacié i rellevancia de variables

Els objectius especifics per visualitzacié i ranquing de variables sén:

. Avaluar el comportament dels tres metodes proposats en termes de ranquing comparats

amb l'aproximacié RFE per kernels no lineals, sota diferents escenaris segons les variables

directament associades amb la variable resposta.

. Interpretar i visualitzar les figures obtingudes pels metodes proposats.

1.4.4 Objectius especifics per ’analisi de les dades de I’estudi Mal067

Els objectius especifics per ’analisi de les dades de I'estudi Mal067 sén:

1. Trobar el metode que millor s’adequa a les dades Mal067, incloent: els metodes SVM

proposats, el model de riscos proporcionals de Cox i la regressié kernel Cox per ambdues

cohorts, RTS,S i comparadora.

. Visualitzar els resultats sobre rellevancia d’analits i fer un ranquing de tots els antigens

respecte la seva rellevancia, pel millor model trobat per cada vacuna, i pel millor algoritme

basat en RFE trobat en 'estudi de simulacié.

1.5 Maquines de suport vectorial aprenent utilitzant informacio

privilegiada

Aquesta aproximacié, també coneguda com a LUPI, va ser descrita per Vapnik (Vapnik and

Vashist, 2009) i es basa en utilitzar la informacié inicament disponible en el procés d’entrenament

de les dades. El problema d’optimitzacié s’expressa com:

L 1 2 2 =
minimizar §(HwH + v||w*|| )‘1‘02&

w,w* b,b* P
subjecte a & = ((w*, x}) + b*)

yi((w, ;) +b) > 1 — ((w*, x]) +b"), i=1,...,n,

(w*, x7) +b%) >0, i=1,...,n
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on w, x; i b sén els vector de pesos, el vector de covariables i el biaix habitual expressat en la
notacio classica SVM i les equivalents versions * sén de I’espai de correccié. La funcié de decisio,

després d’aplicar el truc kernel, es defineix com:
n
f(x) = sign (Z yiouk(x;, o) + b)
i=1

1.5.1 Aplicacié a les dades de supervivéncia

En les dades d’entrenament la variable temps fins esdeveniment es coneguda per totes les obser-
vacions pero no ho és en les dades a predir. Aixi doncs, la informacié de les dades censurades
pot ser utilitzada com informacié privilegiada. Segons Shiao and Cherkassky (2013) la censura

en forma de informacié privilegiada es pot expressar com:

zf = (T;,pi)

on T; és el temps observat (esdeveniment o censura) i p; és la certesa de ser no esdeveniment,
proporcional al temps observat. Aixi doncs per un esdeveniment sera 0 i en observacions cen-
surades sera T;/7, sent 7 el temps de seguiment establert. La nostra proposta és definir la
informacié privilegiada basada en la probabilitat de presentar 1’esdeveniment, condicionada al

moment en que l'observacié esta censurada, utilitzant ’estimador Kaplan-Meier.

1.5.2 Parametres i kernels

Shiao and Cherkassky (2013) van comparar el kernel Gaussia amb el kernel lineal pels dos espais
(correccié i decisié) obtenint resultats semblants. Basant-nos en aquesta conclusié utilitzarem
el kernel lineal per I'espai de correccio i el Gaussia per 'espai de decisié. A més, es compararem

tant el metode de censura de proporcionalitat en el temps com el de supervivencia condicionada.

1.6 Maquines de suport vectorial per classes incertes

Aquesta extensié de SVM desenvolupada per Niaf et al. (2011) permet definir de manera no
perfecta algunes observacions pel que respecta a la seva classe. Per a aquestes observacions es
dona un nivell de confianca o de probabilitat. Aquest metode també se’l coneix com a pSVM.

El problem d’optimitzacié primal s’expressa com

R 1 2 . -~ — +
minimitzar §||w|] —l—CZfi-i-C Z & +&)

w,§,€7,6T,b i—1 i=n+1

subjecte a  y;({(w,x;) +b) > 1=, t=1,...,n,
7 =& <A{w,z;) +b< 2+ & i=n+1,...,m,
& >0, 1=1,...,n,
& >0, i=n+1,....m,

glJrZOa Zzn—l—l,,m
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on els parametres C' i C controlen el pes de les classes certes i de les incertes respectivament, i
z; i z:r son els limits que depenen del grau de certesa o probabilitat p; que haguem especificat

a cada observacié ¢. La funcié de decisié després d’aplicar el truc kernel és

f(x) = sign (Z aiyik(mi, @) — Y (uf = py k(i) + b)
=1

i=n+1

1.6.1 Aplicaci6 a les dades de supervivencia

Shiao and Cherkassky (2013), seguint la mateixa idea que per 'aproximacié LUPI, van suggerir
utilitzar com a probabilitat per les observacions censurades la proporcié de temps fins al final
de seguiment. La nostra proposta és utilitzar la supervivencia condicional estimada mitjancant

I’estimador Kaplan-Meier.

1.6.2 Parametres i kernels

La nostra proposta, per avaluar el métode, és utilitzar el kernel lineal i el kernel Gaussia. A més,
de I'aproximacié proporcional al temps, la censura també s’implementara amb ’aproximacié de

supervivencia condicionada.

1.7 Maquines de suport vectorial semi-supervisades amb in-

variancies locals

Una perspectiva diferent que proposem a les dades censurades en SVM és el de dades semi-
supervisades. En el context de dades semi-supervisades hi han observacions on les classes sén
conegudes 1 unes altres no ho sén. De les classes conegudes i desconegudes s’aprén per tal de
crear una funcié de decisié que discrimini les observacions amb classes conegudes.

En un context diferent al de SVM, Lee et al. (2006) proposen un metode d’aprenentatge semi-
supervisat amb kernels reproductors a espais de Hilbert utilitzant invariancies locals que carac-
teritzen explicitament el comportament de la funcié objectiu al voltant de les classes conegudes

i desconegudes. Lee et al. (2006) expressen la funcié a minimitzar com

n l
pllgl® +p2 > L(Li(g) + > la(yi, g(ai))
i=1

i=[41

on p1 > 01 py > 0s6n els pesos relatius a les funcions de perdua [y per les classes desconegudes i
I per les classes conegudes. Per L;(g) s’expressa el funcional lineal per les classes desconegudes
i observacié 7. Com a funcions [y i lo es pot utilitzar qualsevol funcié de perdua. Les funcions
que utilitzarem seran la hinge per lo i e-insensible per [y, d’aquesta manera equiparem aquest

problema d’optimitzacié al classic SVM i tenim un problema convex. Aixi doncs, el problema



150 Resum en catala

d’optimitzacié queda de la segiient manera

n l
miniﬁitzar p1llgll* + po Z (&G +&)+ Z%‘

i=1+1 i=1
subjecte a  —(g,2;) —b<e+ &, i1=1+1,...,n,
(g,2i) +b< e+, i=1+1,...,n,
& >0, i=1+1,...,n,
& >0, i=14+1,...,n,
yi((g, ¢(zi)) +b) > 1 —;, i=1,...,1,
vi = 0, i1=1,...,1

Sent la funcié de decisié després d’aplicar el truc kernel
l n
f(x) = sign (Z Bryik(m, @) + Y zi(@)(i — a;)>
i=1 i=l+1

on el terme z; sera diferent depenent de la invariancia local que apliquem.

1.7.1 Invariancies locals

Els autors, Lee et al. (2006), proposen, entre altres, dos tipus de invariancies basades en
I’assumpcié que el hiperpla no varia als voltants de cada observacié. Especificament les dues

invariancies sén:

e Invariancia gradient: restringeix el valor del gradient de la funci6 en les observacions amb

classe coneguda.

e Invariancia mitjana: restringeix el valor de la funcié a cada punt, de tal manera que el

valor de 'observaci6 és semblant al valor mitja de les observacions que té al seu voltant.

1.7.2 Aplicacié a les dades de superviveéncia

Les dades censurades durant el seguiment es tractaran com una classe desconeguda. Els esde-

veniments i els no esdeveniments al final del seguiment es tractaran com classes conegudes.

1.7.3 Parametres i kernels

El nombre de parametres i kernels per afinar depen del tipus de invariancia local utilitzada. Per
la invariancia gradient, que es basa en kernel Gaussia, aquest sera l'utilitzat. Per la invariancia
mitjana el kernel Gaussia és el que s’utilitzara, i també s’utilitzara la funcié Gaussiana que

defineix la finestra a partir de la qual s’han de mesurar el valor mitja.
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1.8 Maquines de suport vectorial ponderades

Un altra aproximacié que no s’ha avaluat en la literatura és la ponderacié d’observacions en
SVM. La idea consisteix en assignar un pes a cadascuna de les observacions segons la seva
importancia relativa (Yang et al., 2007). Aquesta metodologia esta focalitzada principalment
en el tractament de valors extrems. El problema d’optimitzacié queda expressat com
minimitzar 1||'w||2 +C i Wi&;
wi 2 i=1
subjecte a & > 0, i1=1,...,n

sent W el vector ponderacié que dona un determinat pes a cadascuna de les observacions.
Després d’aplicar la Lagrangiana podem trobar la funcié de decisid, havent aplicat el truc kernel,
com:

f(x) = sign (Z aik(xi, )y + b)

i=1
1.8.1 Aplicacié a les dades de supervivencia

Les dades censurades es poden entendre com una observacié ponderada o parcial. Una obser-
vacié censurada just abans del final del seguiment hauria de ser tractada practicament com
una observacié completa, aixi doncs, seguint el mateix criteri que pels metodes anteriors els pe-
sos es calcularan utilitzant la proporcionalitat de temps seguit i la supervivencia condicionada

mitjancant I’estimador Kaplan-Meier.

1.8.2 Parametres i kernels

Només s’utilitzara el kernel Gaussia.

1.9 Simulacions per SVM amb dades censurades

Per avaluar el comportament dels quatre metodes SVM per dades de supervivencia proposats,
s’ha dut a terme un estudi mitjangant simulacions. S’han generat diferents combinacions

d’escenaris atenent a diversos aspectes.

1.9.1 Generacio de covariables

S’han simulat 30 variables seguint un patré similar al de I'estudi Mal067. A cada base de dades
simulada s’han generat 30 variables a partir d’una distribucié normal multivariant. La mitjana
de cada variable s’ha extret d’una distribucié Uniforme(0,03, 0,06). La matriu de covariancies
s’ha calculat en cada base de dades de tal manera que de les 30 variables, s’han creat 4 grups
de variables segons el grau de correlacié de Pearson entre elles: no correlacid, baixa, mitjana i

alta.
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1.9.2 Generacidé de variable temps fins a malaria

S’han comparat dos escenaris referents a la variable temps fins a malaria basats en el model de
riscos proporcionals de Cox. En un, es compleix la proporcionalitat de riscos i en 'altre no.
La variable temps fins a malaria, seguint Sama et al. (2006) i Bejon et al. (2013), s’ha simulat
basant-se en una distribucié Gompertz. Aixi doncs, seguint Bender et al. (2005) es pot simular

una variable temps fins esdeveniment que segueix una distribucié Cox-Gompertz:

alog(U) >

1
T=gle (1 (B, z)

on U és una variable que segueix una Uniforme(0,1), a € (—o00,00) i 7 > 0 sén els parametres
d’escala i forma d’una distribucié Gompertz.

En el context de no proporcionalitat de riscos, ’expressié anterior es pot modificar de tal
manera que podem violar la proporcionalitat de riscos afegint una variabilitat comt a 5 grups de
individus (com si es tractes d’una variable no observada), simulant d’aquesta manera un model
de fragilitat compartida (Duchateau and Janssen, 2007).

Tots els escenaris es van simular de tal manera que la supervivencia als 18 mesos estigues al
voltant de 0.6 (Agnandji et al., 2011).

1.9.3 Generaci6 de la variable censura

Es van simular dos escenaris pel que fa a la proporcié de censura de les dades: un amb un 10%

i un altre amb un 30%. Pel que fa a la distribucid, es van simular 3 tipus de distribucié:

e Distribucié uniforme: la censura es reparteix amb la mateixa probabilitat al llarg del

seguiment.

e Distribucié asimetrica positiva: la distribucié es dona més al final del seguiment que al

principi. Per simular aquesta distribucié s’ha utilitzat una distribucié Exponencial.

e Distribucié asimetrica negativa: la distribucié es dona més al comengament del seguiment

que al final. S’ha utilitzat una distribucié Exponencial invertida.

1.9.4 Nombre d’observacions

S’han simulat dos escenaris pel que fa al nombre d’observacions: un amb 300 i un altre amb 50.

1.9.5 Comparacié de metodes

Els metodes que s’han comparat han estat:

e Model de riscos proporcionals de Cox

e Regressié kernel Cox: els valors avaluats pel kernel Gaussia han estat 0.25, 0.5, 1, 2 i 4.
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e Maquines de suport vectorial ponderades: s’han comparat dues aproximacions, una definint
els pesos segons la proporcionalitat de temps en el seguiment i l’altra segons la super-
vivencia condicionada. Els valors avaluats pel parametre C han estat 0.1, 1, 10 i 100, i pel
kernel 0.25, 0.5, 1, 2 i 4.

e Maquines de suport vectorial per classes incertes: s’ha utilitzat el kernel lineal i Gaussia.
Els dos metodes per calcular el grau de incertesa sén proporcionalitat en el temps i super-
vivencia condicionada. Pel kernel Gaussia els valors que s’han avaluat sén 0.25, 0.5, 1, 2 i
4. Els valors avaluats per C' i C sén 0.1, 1, 10 i 100. El valor n s’ha fixat a 0.0001.

e Maquines de suport vectorial amb informacié privilegiada: el kernel Gaussia i el kernel lin-
eal s’han utilitzat per ’espai de decisio i correccidé respectivament. Per ’espai de correccid
s’ha utilitzat tant 'aproximacié de temps proporcional a la censura com la de supervivencia
condicionada. Pel kernel Gaussia els valors avaluats han estat 0.25, 0.5, 1, 2 1 4. El valor
de C' s’ha avaluat d’entre els valors 0.1, 1, 10 i 100. El pes per a I’espai de correccié, v,
s’ha avaluat d’entre 0.1, 1, 10 i 100.

e Maquines de suport vectorial semi-supervisades amb invariancies locals: s’han comparat
les dues aproximacions, tant per gradient com per mitjana. Els parametres pel kernel
Gaussia i per la densitat Gaussiana (només per la invariancia mitjana) avaluats han estat
0.25, 0.5, 1, 2 i 4. El parametre py s’ha avaluat entre 0.1, 1, 10 and 100 tant per gradient

com per mitjana.

1.9.6 Criteris d’avaluacié i afinacié de parametres

Per afinar els parametres i avaluar el comportament de cada metode i escenari, s’ha utilitzat un

procés d’entrenament-validacio-prova dels models. Aquest procés s’ha realitzat en dues etapes:

1. Afinat de parametres: per a cada combinacié de parametres, s’han modelat 10 bases de
dades d’entrenament i, per cadascuna, 10 de validacié. A cada base de dades de validacié
es va mesurar la precisid, és a dir, per a cada combinacié de parametres, es va mesurar la
precisié 10 vegades i es va fer el mitjana. La combinacié de parametres amb una precisié

més elevada va ser la seleccionada.

2. Avaluacié dels metodes: es van utilitzar 10 bases de dades d’entrenament, diferents de
les utilitzades en la fase d’afinat de parametres, per modelar els meétodes amb la millor
combinacié de parametres. Per cadascun d’aquests 10 models, es van provar 10 bases de
dades diferents i mesurar diverses metriques. Per tant, s’han utilitzat 100 dades simulades

per mesurar el comportament dels metodes proposats.

1.9.7 Mesures per avaluar el comportament dels metodes

Es van utilitzar quatre mesures per avaluar el comportament dels metodes proposats i de re-

feréncia:
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e Precisié: mesura la proporcié d’observacions classificades correctament en relacié al total.

e Coeficient de correlacié de Matthews: és un coeficient que presenta valors en l'interval
[—1,41]. Un valor de —1 indica desacord total entre prediccié i vertadera malaria, un
valor de 0 indica una prediccié completament aleatoria i un valor de —1 total desacord

entre prediccié i realitat.

e Informacié mutua normalitzada: representa la reduccié de incertesa d’una variable quan
s’observa una altra. Un valor de 0 indica una prediccié totalment aleatoria i de 1 que la

predicci6 és perfecte.

e Area sota la corba ROC: mesura el grau de discriminacié d’un model entre individus que
han patit ’esdeveniment i individus que no, sent un valor de 0,5 una discriminacié dels

individus totalment aleatoria i de 1 perfecte.

1.9.8 Resultats de la simulacid

Per tots els escenaris de 300 observacions i proporcionalitat de riscos, el model de Cox i pSVM
(amb kernel lineal) van presentar resultats molt semblants, juntament amb el metode de in-
variancies locals (tant gradient com mitjana), aquest iltim amb mesures properes als dos millors
metodes descrits. Especificament, la precisié va estar al voltant de 0,89 pel model de Cox, 0,87
pel kernel lineal pSVM 1 0,84 per SVM amb invariancies locals. Pel que fa a ’area sota la
corba, el model de Cox va obtenir un valor de 0,96, pSVM 0,95 i invariancies locals 0,92. La
distribucié i proporcié de la censura no va afectar els resultats generals, encara que dels tres
metodes descrits, invariancies locals-gradient va ser el més afectat. Pel que fa als escenaris on es
violava la proporcionalitat de riscos, els resultats a 1’escenari de 300 observacions es van veure

més afectats que en 'escenari de 50 observacions.

1.9.9 Discussio

L’aproximacié de supervivencia condicionada es comporta lleugerament millor que el metode
de proporcionalitat en el seguiment en tots els models comparats. En condicions favorables al
model de Cox i regressiéo kernel Cox, els meétodes proposats pSVM i de invariancies locals es
comporten de manera semblant, sent més robustos i tenint uns millors resultats a modificacions

de la grandaria mostral i violacié de la proporcionalitat de riscos.

1.9.10 Recerca futura

De cara a recerca futura, seria interessant introduir més informacié referent a la supervivencia
de la cohort en els model SVM per supervivencia com LUPI i pSVM, de tal manera que les dades
censurades tinguessin en compte la supervivencia final i la variabilitat d’aquesta. Un exemple
d’aixo podria ser, a més d’introduir 'estimacié Kaplan-Meier de supervivencia condicionada,

introduir la variabilitat de 'estimacié puntual, és a dir, 'interval de confianga. Un altre aspecte
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important a tenir en compte en recerca futura, és el tipus de no proporcionalitat de riscos.
Existeixen diferents tipus de violacié de la condicié de proporcionalitat de riscos, un d’ells, no
avaluat en aquesta tesi, és la deguda a coeficients variants en el temps, és a dir, que el risc
associat a una variable no és constant al llarg del temps. Avaluar el comportament dels metodes
sota aquesta situacié i estudiar maneres de tenir en compte aquesta informacié resultaria de

molta utilitat ja que és una situacié relativament comt en recerca biomedica.

1.10 RFE-pseudo-mostres

El primer metode proposat sobre rellevancia de variables és una extensié de les idees proposades
per Krooshof et al. (2010) i Postma et al. (2011). En aquesta tesi proposem un algoritme
mitjancant RFE utilitzant les anomenades pseudo-mostres. El métode proposat queda definit

de la segiient manera:

1. Optimitzar els valors i parametres del SVM.

2. Crear una matriu de pseudo-mostres on diferents valors, equidistants, engloben tot 'interval
observat d’una variable p, mantenint la resta de variables com a 0. Tal com es representa

a continuacio:

Var.l Var.2 Var.3 Var.p
21 0 0 o 0 pseudo-mostra,
29 0 0 o 0 pseudo-mostra,
23 0 0 . 0 pseudo-mostrag
Zp 0 0 .. 0 pseudo-mostra,,

3. Predir els valors de decisié per cadascuna de les pseudo-mostres (no la classe).

4. Fer un grafic posant en l'eix de les X els valors de la variable en qiiesti6 i en l'eix Y el

valor de decisié.

Una vegada s’han representat graficament els valors de decisié per totes les variables, s’ha

de tenir en compte:

e Valors associats de cada variables amb la resposta.
e La variabilitat en els valors de decisié que poden ser indicatiu de la rellevancia de la
variable.
1.10.1 Ranquing de variables

El metode de ranquing de variables que proposem esta basat en la variabilitat en els valors

obtinguts en la funcié de decisié. Aplicant I'algoritme RFE, aquella variable que presenti una
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menor variabilitat en els valors de decisié és la variable que s’exclou com a menys rellevant. Per

mesurar la variabilitat proposem la desviacié absoluta de la mediana (MAD).

1.11 RFE-kernel components principals per representacié de

variables

Reverter et al. (2014) proposen un metode, en un context diferent al de SVM, utilitzant com-
ponents principals kernelitzades (KPCA), per representar, per cadascuna de les variables, la
direccié de maxim creixement local. Donades dues component principals, representades en un
grafic, es pot representar el maxim creixement per cada variable per cadascuna de les obser-
vacions mitjancant vectors. De la mateixa manera, els autors també presenten un metode per
representar funcions de variables. Si una variable és rellevant, mostrara una direccié clara en
totes les observacions i si no les direccions seran aleatories. En aquest context, I’algoritme que

proposem és el segiient:

1. Modelar SVM amb les dades d’entrenament (incloent totes les variables).

2. Crear l'espai de KPCA utilitzant els parametres de SVM (quan sigui possible), amb totes

les variables.
3. Representar les dues primeres components de manera grafica.

4. Calcular i representar el maxim creixement de cadascuna de les variables i observacions.

Aixi mateix també per la funcié de decisié del SVM.

5. Calcular I'angle mitja de cadascuna de les variables-observacions amb la funcié de decisié,

que és utilitzada com a referéncia.
6. Basant-se en alguna metrica calcular quina variable és menys rellevant.
7. Excloure la variable menys rellevant.

8. Repetir el procés fins que només quedi una variable, aplicant d’aquesta manera ’algoritme
RFE.

El que es pot representar, segons Reverter et al. (2014), és per cada observacié les variables
com vectors, que indiquen la direccié de maxim creixement per cada variable o funcié de vari-
ables. Si dues variables estan positivament correlacionades, les direccions de maxim creixement
per totes les observacions han d’anar en la mateixa direccid i sentit. Si estan correlacionades
negativament la direccié hauria de ser globalment en sentit oposat i si les variables no estan

correlacionades les direccions haurien de ser aleatories.
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1.11.1 Ranquing de variables

La nostra proposta es pot dividir en dues aproximacions alternatives:

e Incloure la prediccié dels valors de decisié de SVM per cadascuna de les observacions com
una nova variable, que anomenem variable de referéncia i després comparar cadascuna de

les variables amb la de referencia.

e Incloure la direcci6 de la funcié de decisié del model SVM i prendre-la com la direccié de

referéncia.

En ambdues aproximacions es pot calcular una mesura de la similitud entre una variable
i la referéncia (prediccié o decisid) mitjancant la mitjana de l’angle de totes les observacions
amb la referencia. Aixi, si per una observacié, 'angle de la direccié de maxim creixement d’una
variable p amb la referéncia és de 0 graus, indicara que el vector de direccions es superposa i
estan perfectament correlacionades. Si pel contrari, I’angle és de 180 graus, aniran en la mateixa
direccié pero sentit oposat, indicant que estan inversament correlacionades. Fent la mitjana de
I’angle de totes les observacions obtenim un resum de la similitud de cada variable amb la
referéncia, i conseqiientment si la variable és rellevant o no. Assumint, que hi ha soroll en les
dades reals, una variable es pot classificar com a rellevant al comparar-la amb les altres: la
variable amb un angle mitja més proper al angle mig, tenint en compte totes les variables, sera

classificada com menys rellevant.

1.12 Simulacié d’escenaris i generacié de dades

La simulacié d’escenaris s’ha realitzat simulant per a cada simulacié 30 variables seguint una
distribucié normal, estructurada en 4 blocs diferents segons la correlacié: no correlacid, baixa,
moderada i alta.

La variable temps fins a malaria s’ha simulat seguint una distribuci6 Gompertz en un context
de riscos proporcionals. El numero d’observacions de cada base de dades va ser de 50. La
distribuci6 de la censura va seguir una Uniforme amb un 10% de censura.

1.12.1 Escenaris segons rellevancia de variables

S’han simulat 6 escenaris atenent a les variables implicades en la generacié de temps fins a

malaria, per tal d’avaluar cada metode proposat:

1. Variable 1
2. -Variable 29 + Variable 30
3. -Variable 1 + Variable 8 4+ Variable 20 + Variable 29 - Variable 30

4. Variable 1 + Variable 2 + Variable 1 x Variable 2
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5. Variable 1 4+ Variable 30 + Variable 1 x Variable 30 + Variable 20 4+ Variable 202

6. Variable 1 + Variable 12 + exp (Variable 30)

1.12.2 Comparacié de metodes

El model SVM que es va utilitzar ha estat el de pSVM amb l'estimacié del pes de la censura
basat en la supervivencia condicionada. Una vegada el model es va optimitzar els metodes que

€s van comparar van ser:
e RFE-Guyon pel kernel Gaussia: es va prendre com el metode de referencia.

e RFE-KPCA-prediccié: el KPCA es va basar en kernel Gaussia i el parametre utilitzat va
ser el de pSVM.

e RFE-KPCA-decisié: el KPCA es va basar en kernel Gaussia i el parametre utilitzat va ser
el de pSVM.

e RFE-pseudo-mostres: per crear-les es van utilitzar 50 punts equidistants de la variable en
qiiestio. Els valors de les pseudo-mostres van anar de -2 a 2, donat que les variables estan

distribuides normalment al voltant de 0 aproximadament.

1.12.3 Mesures per avaluar els metodes

Es van simular 100 bases de dades diferents per a cada escenari. De cadascun es va mesurar el
ranquing obtingut d’aplicar l'algoritme RFE de les 30 variables, i es va resumir amb la posicié
mitjana i la desviacié estandard. Per als 3 metodes proposats s’han creat, com exemple, resultats

d’algunes iteracions per interpretar els resultats obtinguts.

1.12.4 Resultats

El metode de les pseudo-mostres ha presentat resultats iguals o superiors en tots els escenaris
al metode de referencia RFE-Guyon i als RFE-KPCA. Pel que fa als meétodes RFE-KPCA els
resultats han estat millor en general que els de RFE-Guyon. Tots els metodes han posicionat
correctament les variables rellevants quan aquestes eren independents de les altres que hi havien
en les dades. Pel contrari, en situacions de correlacié o de interaccions el millor metode ha estat

el de les pseudo-mostres i després, depenent de I'escenari, RFE-KPCA-prediccié.

1.12.5 Discussio

Els metodes proposats es comporten tan bé o millor que el RFE-Guyon. Destaca, RFE-pseudo-
mostres, comportant-se millor fins i tot en escenaris de no-linealitat o de interaccié de variables.
Els metodes proposats, a més, permeten visualitzar i interpretar els resultats en termes de tipus
d’associacié entre variables i variable resposta. A nivell computacional, no sén metodes exigents,
a excepcié de RFE-KPCA-decisié que és molt costos. Els meétodes proposats séon una bona eina

com a complement o per elles mateixes per trobar les variables rellevants en un conjunt de dades.
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1.12.6 Recerca futura

La recerca referent a pseudo-mostres hauria d’anar enfocada a provar diferents pseudo-mostres
basades en la distribucié de les dades, com per exemple quartils. Un altre punt que cal investigar
és el referent a la metrica a utilitzar, en aquesta tesi s’ha utilitzat la desviacié amb respecte la
mediana, pero s’haurien de provar altres mesures. Amb respecte el metode RFE-KPCA el
problema principal és que en el KPCA no es té en compte la variable resposta, aixi doncs,
les components es creen unicament amb la informacié de les variables al ser un metode no-
supervisat. Una aproximacié a investigar seria seguint la mateixa aproximacié pero utilitzant
Ianalisi discriminant de Fisher (Mika et al., 1999) amb kernels, per exemple, ja que la classe es

tindria en compte.

1.13 Analisi de les dades Mal067

1.13.1 Disseny de l’estudi

La base de dades de l'estudi Mal067 consta de 459 nens de dos centres africans: Bagamoyo
(Tanzania) i Manhica (Mogambic), d’entre 6 i 12 setmanes d’edat i d’entre 5 a 17 mesos.
L’objectiu principal de I'estudi és identificar quines citocines, quimiocines i factors de creixement
estan correlacionats amb proteccid en cada tipus de vacuna (RTS,S o comparadora) d’entre els
participants que han rebut la tercera dosi de la vacuna assignada.

Del panell original de 30 antigens, dos IL-6 i IL-8, van haver de ser exclosos de I’estudi degut

als problemes en la quantificacié de les mostres. Finalment, doncs, es van analitzar 28 antigens.

1.13.2 Analisis estadistic

Les concentracions, mesurades com log;o(AMA1/DMSO), entre RTS,S i vacuna comparadora i
malaria i no malaria per antigen, es van comparar mitjancant la t-Student. La correlaci6 entre
analits dintre de cada grup de vacunacié es va mesurar mitjancant la correlacié d’Spearman. Es
van estimar les corbes de supervivencia Kaplan-Meier amb el corresponent interval de confianca
al 95% per cadascun dels grups de vacunacié i es van comparar mitjancat la prova log-rank.
Es van realitzar models de Cox per tal d’avaluar el risc de cadascun dels antigens pel que fa
a presentar malaria a un any de seguiment. La proporcionalitat de riscos en cada model es va

avaluar mitjancant els residus escalats de Schoenfeld (amb el p valor i de manera visual).

1.13.3 Metodes SVM per dades censurades i rellevancia d’antigens

Es van comparar i optimitzar tots els models proposats en aquesta tesi aixi com el model de

Cox i la regressio kernel Cox. Els models sén:

e Model de riscos proporcionals de Cox

e Regressié kernel Cox.
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Maquines de suport vectorial ponderades.

Maquines de suport vectorial amb classes incertes.

Maquines de suport vectorial amb informacié privilegiada.

Maquines de suport vectorial semi-supervisades amb invariancies locals.

Exceptuant el model de Cox, els parametres d’afinament juntament amb ’avaluacié de la
precisié del model, es va realitzar mitjancant validacié-creuada niuada amb 5 iteracions, seguint
el descrit a Stone (1974), Varma and Simon (2006).

Després de trobar el model amb una precisié més alta, aquest es va utilitzar com a base per
aplicar ’algoritme RFE-pseudo-mostres que va ser el que va mostrar millors resultats en I’estudi
de simulacions de metodes de rellevancia de variables. A més, per a cada cohort es va aplicar
I’algoritme per a 100 mostres amb reemplacament, per tal de tenir una mesura de la variabilitat

de la rellevancia.

1.13.4 Resultats

Per la cohort RTS,S els antigens amb una risc associat a malaria van ser: G-CSF, IFN-«, IL-10
i MCP-1. Per la vacuna comparadora, en canvi, no van haver-hi antigens estadisticament sig-
nificatius. No van haver-hi diferéncies estadisticament significatives entre els dos grup vacunats
pel que fa a la supervivencia a 12 mesos (p valor = 0,167), tot i que la supervivencia per RTS,S
va ser superior al final del seguiment. Amb respecte la proporcionalitat de riscos dels antigens,
per la cohort RTS,S, després de realitzar una inspeccié visual juntament amb els p valors de la
prova dels residus de Schoenfeld es va descartar violacié de la proporcionalitat de riscos. Pel que
fa a la cohort de la vacuna comparadora, cap analit va violar I’assumpcié de proporcionalitat
de riscos.

El model SVM que va presentar millors resultats va ser, per ambdues cohorts, pSVM amb
kernel Gaussia. Aquest model va ser I'utilitzat per aplicar 'algoritme RFE-pseudo-mostres. Per
la cohort RTS,S els antigens més rellevants van ser: RANTES, IL-12, G-CSF, Eotaxin i EGF.
Per la cohort comparadora, els antigens més rellevants van ser: IL-15, TP-10, IL-2, MIP-1« i
HGF.

1.13.5 Discussio

Tots el metodes comparats, basats en SVM, tendeixen a ser equivalents a SVM per classificacié
binaria en situacions de cap censura. Per aquesta rad, tots els metodes SVM presenten resultats
molt similars en les dades Mal067. Pel que fa al métode RFE-pseudo-mostres, la variabilitat en
els resultats en la cohort comparadora és major que en la cohort RTS,S. Aixo pot ser degut a

la menor grandaria mostral, i nombre d’esdeveniments, d’aquesta cohort.
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1.13.6 Recerca futura

Un punt important sobre el que investigar és comparar els resultats obtinguts en aquesta tesi

amb altres metodes com poden ser regressié parcial de Cox (Li and Gui, 2004) per comprovar si

els resultat obtinguts sén consistents o no. Un altre aspecte important és I'analisi de subgrups:

per edat i centre per descartar possibles efectes confusors. Un altre punt important, especialment

relacionat amb NAI, és el de mesurar els valors de cada analit en el moment basal, és a dir, abans

de rebre la primera dosi de la vacuna i mesurar 1’evolucié dels valors dels antigens al moment

de rebre la tercera dosi.

1.14 Conclusions

Aquesta tesi ha explorat tres aspectes:

1.

L’estudi de metodes per tractar variables temps fins esdeveniment en el context de SVM

per classificacié binaria.

. L’estudi d’algoritmes per visualitzar i fer un ranquing de les variables rellevants en el

context de SVM per dades de supervivencia.

La classificacié d’antigens associats a correlats de proteccié induits per la vacuna RTS,S.

Amb respecte el primer punt:

e S’ha mostrat que:

El metode proposat de supervivencia condicionada millora la prediccié de les dades
comparat amb el metode de proporcionalitat en el temps.

El metode LUPI es comporta de manera similar al SVM ponderat.

El metode semi-supervisat SVM amb invariancies locals es comporta de manera simi-
lar al millor metode observat en les simulacions per a cada escenari de proporcionalitat
de riscos.

El comportament del metode SVM amb invariancies locals, de tots els metodes estudi-
ats, és el més robust a modificacions de censura (tant en proporcié com en distribucio)
i violacié de 'assumpcié de proportionalitat de riscos.

El metode SVM ponderat, independentment de ’aproximacié per estimar els pesos,

queda influenciat per la proporcié de censura i la proporcionalitat de riscos.

e S’ha desenvolupat codi d’'R que:

— Implementa ’aproximaciéo LUPI.
— Implementa ’aproximacié pSVM.
— Implementa I'aproximacié SVM ponderat.

— Implementa I’aproximacié SVM amb invariancies locals pel metode gradient i mitjana.
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Amb respecte el segon punt:

e S’ha proposat un algoritme RFE-pseudo-mostres que:

— Permet visualitzar i interpretar 1’associacidé i rellevancia de cada variable amb la

variable resposta temps fins esdeveniment.

— Fa un ranquing de les variables segons la seva rellevancia.

e S’ha proposat un algoritme RFE-KPCA amb dues alternatives que:
— Permet comparar la direccié de maxim creixement d’una funcié de decisié i comparar-
la amb les variables predictores.

— Fa un ranquing de les variables segons la seva rellevancia.

e S’ha demostrat que:

— L’aproximacié RFE-pseudo-mostres millora el ranquing de RFE-Guyon per kernels

no lineals i els dos metodes alternatius basats en RFE-KPCA.

— L’alternativa RFE-KPCA per prediccié es comporta millor que ’alternativa per funcié

de decisié i de manera similar a Guyon-RFE per kernels no lineals.

Amb respecte el tercer punt:

e [’estudi dels metodes ha mostrat que els metodes SVM proposats per dades de super-
vivencia es comporten millor que el model de riscos proporcionals de Cox i regressio kernel

Cox, tant per la cohort RTS,S com la cohort comparadora.

e L’estudi de les citocines, quimiocines i factors de creixement ha mostrat que:

— Els cinc antigens més rellevants a la cohort RTS,S sén: RANTES, IL-12, G-CSF,
Eotaxin i EGF.

— Els cinc antigens més rellevants a la cohort comparadora sén: IL-15, IP-10, IL-2r,
MIP-1« i HGF.
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Appendix A

Theoretical Aspects

A.1 Rationale support vector machines

The rationale behind SVM is to find a hyperplane as decision surface that splits the space into

two parts. Therefore, a hyperplane can be seen as a binary classifier.

® % Negative observation (class=-1)
A Positive observation (class=+1)
o~ © - A
Q A
8 -« A A
5 A
> — X
x X A
o
\ \ \ \
0 2 4 6 8
Variable 1

Figure A.1: Example of 12 observations, 2 classes (defined as {£1}) and 2 variables (Variable
1 and Variable 2).

A.1.1 Hyperplane

An equation of a hyperplane is defined by a point (Pp) and a perpendicular vector to the plane
(w) at that point. We can define the vectors, &g = O—PS and = = 0P where P is an arbitrary
point of a hyperplane. A condition for P to be on the plane is that the vector (x — xg) is
perpendicular to w (Figure A.2):

(w, (@ —z0)) = 0= (w,z) — (w,z0) =0 (A1)

If we define b = —(w, ©g) we obtain that (w,z) +b = 0. If the parameter b is modified then we

obtain parallel hyperplanes along the direction of w.
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X Xo

ey

Figure A.2: Representation of a hyperplane in a 3-dimensional space.

A.1.2 Distance between two hyperplanes

Given two parallel hyperplanes as the ones showed in Figure A.3 defining D as the distance

between both we can express that the vector o is the sum of vectors x; and tw. We can see

then that the distance can be defined as D = |[tw| = [¢| |w|. As per rationale (A.1) we can

define

(w, x2) + b2 = 0= (w, (x1 + tw)) + be = (w, x1) + tHwH2 + be

Figure A.3:

= ((w,z1) +b1) — b1 + tHwHZ + by

by — b
= bt tfw|? by =0 =t = S
|wl|
b1 — by
= D =t||w|| = ———
Jw]|
wx +b,=0
tw
w
Xo /
wx +b; =0

X1

(0,0,0)

Representation of two parallel hyperplanes in a 3-dimensional space.
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A.1.3 Hyperplane as classifier and hard support vector machines

If we want to find a hyperplane to separate negative observations from the positive ones we will
find that an infinite number of such hyperplanes exists. The main goal of SVM is to find the
one that maximizes the margin between data points on the boundaries, what are called support
vectors (Figure A.4). The distance between the shown hyperplanes is D = ﬁ Since we want
to maximize the margins we need to minimize ||w||, and for mathematical and optimization
purposes we want to minimize the equivalent %||w|. In addition, we need to impose constraints

that all observations are correctly classified:
(w, i) +b< —1if y; = —1
(w,x;) +b>+1if y; = +1

or equivalently y;((w, x;) + b) > 1 what give us the main expression of the hard margin SVM:
o 1 2
minimize 5 l|lwl|

w,b

(A.2)
subject to y;((w,x;) +b)>1 i=1,...,n

Then given a new observation ;, the classifier is f(x;) = sign((w, z;) +b)

<wx>+b<-1.

% Negative observation (class=-1)
A Positive observation (class=+1)
o  Support Vectors

<w,x>+b=0

Figure A.4: Representation of the hyperplane that classifies binary data and the corresponding

support vectors.

A.1.4 Soft margin support vector machines

In practice, a separating hyperplane may not exist due to the fact that in reality there are
overlapping classes. To allow for the possibility of overlapping classes slack variables, & > 0 for

alli =1,...,n, are introduced in order to relax the constraints in (A.2):
yi((w, ) +b) >1-¢& i=1,...,n

A classifier that generalizes well is then found by controlling both the classifier capacity (via

|w|) and the sum of the slacks > | &. The latter can be shown to provide an upper bound
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on the number of training errors. Then the minimizing objective function is given by

1 n
minimize §||'w|]2 +C Zfi
i=1

w,b
. . (A.3)
subject to y;((w,x;) +b)>1-¢& i=1,...,n
& >0 i=1,...,n

The expression (A.3) is the usual support vector machines optimization function, and originally
known as soft margin support vector machines.
A.2 Taylor series of Gaussian kernel
Using the Gaussian kernel defined as
k(z,2') = exp(—yllz — 2'||%)

the Taylor series expansion is applied, and assuming that x;,2; € R and v > 0 we obtain for

two given scalars:
exp(—la; — z;l|*) = exp(—(z; — 2;)%) = exp(—vya] + 2yziz; — y2])

2 2) i (2790i33j)k

= exp(—yz; — 7] x

k=0
[2v |2y 27)2 27v)2
= exp(—’yx? — *y:r?) (1 + sz ij + \/( 2!) xf ( 2!) x? + ...

= (o(z0), d(x5))

¢(x) = exp(—yx?) [1, \/?:L‘, \/ <2;!)2;1:2, . ]

where
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A.3 Loss functions

A.3.1 e-insensitive loss

The e-insensitive loss function is the following:

Uy, f(®))e = max(0, [y — f(x)| — )

-€ +e f(x)

Figure A.5: Representation of the e-insensitive loss function.

A.3.2 Hinge loss

The hinge loss function is the following;:

Wy, f(z)) = max(0,1 — yf(x))

yf(x)

Figure A.6: Representation of the hinge loss function.






Appendix B

Primal-Dual Optimization Problems

B.1 Support vector machines learning using privileged informa-

tion

In the LUPI paradigm the function to be minimized is:

L. 1 2 * (|2 -
minimize §(H’LUH + |lw*|| )+ngi

w,w*,b,b* P
subject to & = ((w*, x]) +b"), i=1,...,n,
yi((w, x;) +b) > 1 — ((w*, ) +b%), i=1,...,n,
(w*, x]) +b%) >0, i=1,....,n

To solve this problem the Lagrangian should be constructed:
L b * b* _ 1 2 * (12
(’UJ, W, aavﬂ) - 2(”’[1)” +’}’||’UJ H )
n n
+OY ((w* @) + %) = ailyil(w, @) +b) (B.1)
i=1 i=1

— 1+ ((w,z}) +b%) = > Bi((w*,af) +b")
i=1

At the saddle point the derivatives of L with respect primal variables must vanish, the necessary

conditions are:

oL -
%ZO — w—Zaiyia:i:0
i=1
n
w = Z QY Lq (B.2)
=1

ow*

oL _ 0 = yw* +Zn:C’:cf —zn:oéimf —zn:ﬁiw? =0
i=1 i=1 i=1
w* = }yZ:ﬁ(%‘*FBi -C) (B.3)
i=1
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oL -
5 =0 = ;aiyi:() (B.4)
6L n n n
b =0 = ZC—Zai—ZﬁiZO
=1 i=1 i=1
Z(Oéi+5i_c) =0 (B.5)
=1

Substituting (B.2) and (B.3) into the Lagrange function (B.1) and taking into account (B.4)

and (B.5) we obtain the following expressions:

(B2) 1~ Yoo ST
Rla.f) "= 5303wy a) + o flwt P+ O Y ((wf ) + 1)

i=1 j=1 1=n
- {yz (Z a;y; (@i, zj) + b) — 14 ((w", 27) + b*)] = Bil(w" @) +b)
i=1 j=1 i=1

1 n o n - ) n * * *
= 52> agyyiten )+ o w [P+ O Y ((wh &) + )

=1 j=1 =1

{Zalylz%y] xi, x;)+b +Zaz ZO‘Z w*,x}) +b") Zﬁl w*, x;) +b")

(B.3) Zaz—*ZZalagyz%@umJ % QZZ%W% Jaj+ B = C)ai, zj)

i=n j=1 i=1 j=1
+§:(ai+ﬁi— }é: aj+ B - C)
= Zaz—zzlalajyzy] (xi, ;)
i=n j
+1 zn;zn; (i + Bi = C)aj + B — O)x7, =)
i=1 ]
_iizn;jzn;(ai—i—ﬁi—C)(Ozj—k,@’j—C’)(asf,a:;)
= Z%—lelaz%yzya i, ;) +lelaz+6z ) + B; — O){at, 27) (B.6)
i=1j i=1 j

Applying the kernel trick, the function (B.6) to be maximized can be formulated as:

n n

R(a,B) — Z —fZZala]yZyJ (@i, ;) — — 3 2D (it = O)ley + A = O)h(a. )

i=1 j=1 11]1
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B.2 Support vector machines with uncertain classes

In the SVM with uncertain classes the function to be minimized is

wl?+ O+ 8 Y g e

minimize

w£E.ETD i—1 i=n-+1

subject to y;((w,x;) +b) > 1—&, i=1,...,n,
z;—f;ﬁ(w,:ci>+b§zi++fi+, i=n+1,...,m, (B.7)
& >0 =1, M,
§& =20 i=n+1,...,m,
& >0 i=n+1,...,m

The problem can be re-written it introducing the Lagrange multipliers:

1 n . m

§||w||2 +CZ& +C Z & +&)
i=1 i=n-+1

=Y ailyilw, @) +b) — (1 - &))

=1

L(w7 b7 57 £_7£+7 a?ﬁ? “+? l’l’_77+77_) =

Z Bis

—~ Z V&

i=n-+1 i=n-+1
m
= D w4+ &) = (w, @) +b)) Zvi&*
1=n-+1 1=n-+1

(B.8)

At the saddle point the derivatives of L with respect primal variables must vanish, the necessary

conditions are:

oL “ “
7o =0 = w— Zazylazl— Z M T + Z ujxizo
w =1 1=n+1 1=n+1
m
w = Za@yzmﬂr Z prmi— >l
1=n—+1 1=n+1
m
= Zazym - D ) (B.9)
i=1 i=n+1
aL n m m
0= ~Yew D e 3 a0
i i=n+1 i=n+1
m
zazyz = 3 i ) (B.10)
i=n+1

oL
a& Qg — Bz ( )
oL ~
—— =0 C—u —~ =0 B.12
o6 i = (B.12)
oL ~
—=0 C—uf—7=0 (B.13)
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Substituting the previous expression into the Lagrange function we obtain:

3

n

_.(B91
R(a7u+7u ) = 2|: Zalajyly]<mlamj _22 Z QY mwmj>(u _/'L] )+

=1 j=1 i=1 j=n-+1
m m n " m
ST =)l — ) a) | +CY_&G+C D (6 +ED
i=n+1j=n+1 i=1 i=n+1
m
- Zai i Za]y] wjﬂwl - Z (,u;r - //’j_)>wiamj<+b - (1 - gz)
i=1 j=n+1
n m
B IR PR S
=1 i=n+1 i=n+1
m n m i
= > w2 ewtmia) = D0 () —w w4 b (5 - &)
i=n+1 | \s=1 j=n+1 |
m [ m T
- Z :u;r ( +€+ Za]yj m]awl - Z (Mj_M;)<mj7$i>+b
]:’I’L—‘,—l L ]:n—"_l .
1 n n
=3 SN aiogyiy; (i, ;) — Z Z i@, @) (1) — py)
i=1 j=1 i=1 j=n-+1
1 m n " m
5 D S =) i) + Y6+ C D (€ €
1= n+lj n+1 =1 i=n+1
—Zzazyz%y] z;, ) +Z Z aiyi(p ) (@i, ;) Zazyz
=1 j=1 1= lj n+1
n
+) ai(l—&) - Z uzb—Z%
=1 i=n—+1
m n
— D> wigysm ) + Z Z i () — g ) (@i, x5)
i=n+1 j=1 i=n+1j=n+1
m m m m n
D (=) = Y = Y wE ED Y D i gyl a)
i=n-+1 i=n+1 i=n+1 i=n+1 j=1
m m m
3 S e 3 i 3 e
i=n+1j=n-+1 i=n+1 i=n+1
(B10) 1 o=
= _522(11&7%% mzm] Z Z wlam] a]yj _,Ui )
i=1 j=1 i=n+1 j=1
m n _ m
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z n+1j=n-+1 =1 i=n+1
n
D R S ST Z%
=1 i=n+1i=n+1

m
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m
= Y g - Z Zuz e ICHE Zv

1=n+1 i=n+1j=n-+1 i=n+1
(B.11) 1
= _izzazajylyj xum] Z Z wl')xj ajy] ,u@' )
=1 j=1 i=n+1 j=1
1 m m _om
tg D D =) — e (e +C Y (& +ED)
i=n+1j=n+1 1=n+1
m m m m
DD BN (e IR S RN S Ca s B i
i=n+1j=n-+1 i=n+1 i=n+1
m
S ICCEEIED WD TR AL RIED SR D B
i=n+1 i=n+1 j=n+1 i=n+1
B12B13 - -
—*Zzazaayz% (@i )+ Y > (wixy) oy — py)
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P VD MUSIBICEVATEEED Sl SR
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Simplifying we obtain the function to be maximized:

m n
R(aal'LJrJl' = _*Zzazajyzy] m17$]> + Z Z@z‘,wﬁajyj(uf _,U/y;_)

i=1 j=1 i=n+1 j5=1
n m m
S S O - )+ e Y e S we
i=n+1j=n+1 =1 i=n+1 i=n+1
(B.14)
Applying the kernel trick, the function (B.14) to be maximized can be formulated as:
1 n
R(a7u+7“_) = _7220@@]%9] xlamj Z Zk L, Lj a]yj( — My )
=1 j=1 i=n+1 j=1
1 m m n m m
-5 Z DL e e L R R R S A S N Thes
i=n+1j=n i=1 i=n-+1 i=n+1
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B.3 Support vector machines using local invariances

The initial expression as expressed by Lee et al. (2006), is

l

pllgl? + 02 37 1(Li(9) + 3 ba(yin 9(=1)))

i=l+1 =1

Given that [y is the e-insensitive loss and that 5 is hinge-loss and ¢ is the target function, we

can express the function to be minimized as:

min;rglize p1llgll* + p2 Z (& +&) "‘Z%

i=1+1
subject to — (g,2;) —b<e+&, i=1+1,...,n,
(g,2i) +b<e+&, i=1+1,...,n,
& >0, i=1+1,...,n,
& >0, i=1+1,...,n,
yi({g, o(x)) +b) > 1 — 1, i=1,...,1,
i >0, i=1,...,1

Then, we can construct the Lagrangian:

n l n
i=l+1 =1 i=l+1

— D aile+ &+ (g, z) +b)

i—l+1
- Z €+£z <gazi> _b)

i=l+1

l
+Zﬁ 1_yl(<ga¢(mz) +b ZB@’W

=1

(B.15)
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To minimize (B.15) we take the functional with respect g. Suppose ¢* is the minimizer of (B.15).
For any, g € H, let g = g* 4+ dh where § € R and h € H. Then,

n

n l

i=l+1 i=1 i=l+1

— > aile+ &+ (g7 + 0h, z) +b)

i=l+1
— Y ai(e+& —(g" +0h, z;) —b)

i=l+1

l

+ZB 1_yz(<g + 0h, ¢($z +b Zﬁz%

=1

= p1(g" + 0h, g* + 6h) + pa Z (&Jr&i‘HZ%

i=l+1 i=1

=Y (& +niE)

i=l+1

— Y aile+ &+ (g%, ) + 0(h, i) +b)
1= l+1

— Z fe+& — (9" zi) —0(h,z) — b)

i=l+1

l
+ ) BF (1= wilg", d(@i) — yid(h, () — b — ) Z Bii
=1

= p1((9",9") +20(g*, h) + 6% (h, 1)) + p2 Z (& +&)

i=l+1
‘f‘Z’Y@ Z ﬁz€i+77§k§f)
i=l+1
S et & (g ) + 5z + D)
= l+1
- Z 6+£7, gvzl>_5<h7zl>_b)
i=l+1

l
+ Z Br (1= yilg", o) — yid(h, d(x:)) —b— ) Z Bivi
- “(B.16)

Take derivative with respect to d,

n n I
gf; =2p1(g*, h) + 2p1(h, h) — Z a;(h, z;) — Z al(—(h, z)) + Zﬁf(—w(h o(x;)))

i=l+1 i=l+1 i=1
Note that % = 0. Then,

n n

201(9%,h) = Y ailh,z) + ) ailh,z) Zﬁ*yz (h, o)) =

i=l+1 i=l+1 i=1
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This equation holds for any h € H. Specifically, setting h = k(., x) gives,

n n l
2p1<g*,k‘(',32)> - Z O‘i<k('vm)vzi> + Z af<k('7m)azi> - ZB:yl<k(7m)ak(7ml)> =0
i=l+1 i=l+1 i=1
= 2/)19*(213) — Z aizi(a:)—i— Z a Zl Zﬂ yl m ml =
i=l+1 i=l+1
Thus
. 1 n n .
g (z) = 200 (Z o;zi(x) — Z G % +Zﬁzyl T :1:1))
L i=l+1
And

g9°() =2L (Z izi(+) (o — of +Zﬁ yik (-, x;) ) (B.17)

P\, S5
gézo = po—1; —a; =0 (B.18)
gézo = po—n —a; =0 (B.19)
gf —0 = BB =0 (B.20)
!
R w21

Developing the expression in (B.15) we obtain:

n

n l
i=1 i=l+1

i=l+1
n n n
=) vie— > abi— > ailg w)
i=1+1 i=l+1 i= l+1
n n
—Zafe—Zaﬁl—FZ (g%, zi)
=141 i=l+1 i=l+1
I I I I I
+Y B =D Bruilgt m) = > Bruib— > Bivi— Y Bivi
i=1 i=1 i=1 i=1 :

=1
(B.22)
Substituting (B.18), (B.19), (B.20) and (B.21) in (B.22) we derive the following expression:

n n
L(g.b,£,&"7,8,8" . m,n") = pr||g* 1P = D aie— Y ailg”,z) Z aje

i=l+1 i=l+1 i=l41

l
+ atlg'a +Zﬁ = 2By i)
i=1

i=l+1

(B.23)
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Substituting (B.17) in (B.23):

l l
(g,bé& ‘Y,ﬁu@ aaa’?ﬂ 1 ZZBﬁyzyJ mzam] + Z Z ZzaZ] ai)(aj—a;)

i=1 j=1 =141 j=l+1
l n n
+2) > Bigizi(@) (o —af) | — D e
=1 j=i+1 i=l+1
1 l+n
5| 2 Zﬂ palo+ Y S (sl — o,
P1 =141 j=1 i=l+1 j=1+1
1 i n l n n
o= | D0 Do Bwm@al + D0 D (s z)lay — af)aj
P1 =141 j=1 i=I+1 j=I4+1
1 [ I n
~ 5, DO BByl ) + Y Y Bivizi(®i) (e — af)
P =1 j=1 i=1 j=I+1
—Zﬂ T
i=l+1

(B.24)
Assuming that p; = % to be more similar to classical SVM the final expression to be maximized
is:

l

R(a,a*,B") = ZZB B yiy; (@i, ) Z Z zi, zj) (i — o) (aj — )

11]1 zl+1] I+1

. l (B.25)
_Z Z 5?/1'2] x;)( _a]) Ze(ai“’af)'{'ZBj
i=1j=I+1 i=1+1 i=1

Applying the kernel trick and linear functional definition we obtain the final function to be

maximized:

R(aa 7ﬁ _——ZZBﬁyzyj ZBZ,QBJ - = Z Z ZZ7ZJ z)(aj_a;)

=1 1 I4+1 j=I+1
Jj= z+j+ (B.26)

n l

l n
=X Biyizm@)ay—af) = Y elai+ai) +) 5

i=1 j=I+1 i=l+1 i=1






Appendix C

Support Vector Machines for
Survival Analysis Supplementary

Simulation Results

C.1 Scenarios descriptives

/ar.14 Var.15Var.16 Var.17 Var.18 Var.19 Var.20 Var.21 Var.22 Var.23Var.24 Var.25 Var.26 Var.27 Var.28 Var.29 Var.30
Variable name

Figure C.1: Distribution of a simulated random dataset with 30 variables and 300 observations.

Each variable distribution is represented by a boxplot. The dotted red line represents 0 mean.
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Figure C.2: Pearson correlation matrix of the dataset presented in Figure C.1 illustrated as a

heatmap.
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Table C.1: Summary of main descriptives for the proportional hazards scenarios, 30 variables

and 300 observations in 100 simulated datasets. Schoenfeld residuals p value testing for propor-

tionality of hazards is calculated and number of datasets in which proportionality of hazards

does not hold is shown (Schoenfeld < 0.05). For censoring and events, median proportion and

[Quartile 1; Quartile 3], is shown.

Theoretical censoring scenario

Simulated scenario

Distribution Proportion (%) Schoenfeld < 0.05 Censoring proportion (%) Events proportion (%)
. 10 6 12 [11, 13] 40 [35,51]
Positive
30 7 32 (28, 32] 34 [27,40]
. 10 8 8 (7,12 42 [37,51]
Negative
30 5 30 [27 , 33] 38 [34,46]
10 5 917,12 41 [36,51]
Zero
30 7 28 [27 , 32] 36 [30,42]
10% censoring — Positive skew 30% censoring — Positive skew
o g S
3 - 3 -
ERR g 31
3 3 3 3
3 - 3 -
o | o
© T T T T T © T T T T T
0 100 200 300 400 500 0 100 200 300 400 500
Days Days
10% censoring — Negative skew 30% censoring — Negative skew
o _r o
3 3
R R
gz i3
S S
o o
b T T T T T b T T T T T
0 100 200 300 400 500 0 100 200 300 400 500
Days Days
10% censoring - Zero skew 30% censoring — Zero skew
o g o
3 - 3 -
ERR g 31
3 3 3 3
3 - 3 -
o | o
© T T T T T © T T T T T
0 100 200 300 400 500 0 100 200 300 400 500

Days

Days

Figure C.3: Example of a simulated dataset for the proportional hazards scenario (composed

by 30 variables and 300 observations). Censored observations are represented by + symbol.
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Table C.2: Summary of main descriptives for the proportional hazards scenarios, 30 variables

and 50 observations in 100 generated datasets. Schoenfeld residuals p value testing for propor-

tionality of hazards is not calculated due to the fact that there are problems with Cox models

convergence (low sample size). For censoring and events, median proportion and [Quartile 1;

Quartile 3], is shown.

Theoretical censoring scenario

Simulated scenario

Distribution Proportion (%) Schoenfeld < 0.05 Censoring proportion (%) Events proportion (%)
. 10 - 12 [10 , 12] 44 [38,46]
Positive
30 - 32 30 , 32 36 [32,40]
, 10 - 88, 8] 42 (38,48
Negative
30 - 28 [28 , 30] 36 [32,38]
10 - 10 (8, 10] 42 [38,47]
Zero
30 - 28 [28 , 29] 36 [32,41]

Survival

Survival

Survival
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0.0 0.2

1.0

06 0.8

0.4

0.0 0.2

30% censoring — Positive skew

0

T T T T T
100 200 300 400 500

Days

30% censoring — Negative skew

o

T T T T T
100 200 300 400 500

Days

30% censoring — Zero skew

100 200 300 400 500

Days

Figure C.4: Example of a simulated dataset for the proportional hazards scenario (composed

30 variables and 50 observations). Censored observations are represented by + symbol.
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Table C.3: Summary of main descriptives for the non-proportional hazards scenarios, 30 vari-

ables and 300 observations in 100 generated datasets. Schoenfeld residuals p value testing for

proportionality of hazards is also calculated and number of datasets in which proportionality of

hazards does not hold is shown (Schoenfeld < 0.05). For censoring and events, median propor-

tion and [Quartile 1; Quartile 3], is shown.

Theoretical censoring scenario

Simulated scenario

Distribution Proportion (%) Schoenfeld < 0.05 Censoring proportion (%) Events proportion (%)
. 10 90 13 12, 13] 38 [37,39]
Positive
30 90 32 [31 , 32 33 [32,35]
, 10 89 87, 8] 40 [39,41]
Negative
30 88 20 [28 , 31] 37 (36,38
10 92 8[8, 9] 40 [38,41]
Zero
30 90 28 [27 , 28] 34 [33,36]

Survival

Survival

Survival
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Figure C.5: Example of a simulated dataset for the non-proportional hazards scenario (com-

posed by 30 variables and 300 observations). Censored observations are represented by + symbol.
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Table C.4: Summary of main descriptives for the non-proportional hazards scenarios, 30 vari-
ables and 50 observations in 100 generated datasets. Schoenfeld residuals p value testing for
proportionality of hazards are not calculated due to the fact that there are problems with Cox
models convergence (low sample size). For censoring and events, median proportion and [Quar-

tile 1; Quartile 3], is shown.

Theoretical censoring scenario Simulated scenario
Distribution Proportion (%) Schoenfeld < 0.05 Censoring proportion (%) Events proportion (%)
. 10 - 12 [12, 13] 42 [42,44]
Positive
30 - 32 [32, 32] 35 [33,38]
. 10 - 8 (8, 10] 41 [39,44]
Negative
30 - 28 [28 , 30] 38 [36,40]
10 - 10 [8, 12] 42 [42,42]
Zero
30 - 30 [28 , 30] 34 [32,36]
10% censoring - Positive skew 30% censoring - Positive skew
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Figure C.6: Example of a simulated dataset for the non-proportional hazards scenario (com-

posed by 30 variables and 50 observations). Censored observations are represented by + symbol.
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C.2 Tables of simulations results

Table C.5: Proportional hazards, positive skew, 10% and 30% censoring and 300 observations

scenarios results. Mean (standard deviation) is shown.

10% Censoring 30% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.89 (0.02) 0.77 (0.03) 0.49 (0.05) 0.96 (0.01) 0.89 (0.02) 0.78 (0.04) 0.50 (0.06) 0.96 (0.01)
Kernel Cox 0.80 (0.03) 0.59 (0.06) 0.27 (0.06) 0.86 (0.03) 0.79 (0.02) 0.58 (0.05) 0.25 (0.05) 0.86 (0.02)
wSVM-KM 0.75 (0.02) 0.45 (0.06) 0.15 (0.04) 0.87 (0.02) 0.67 (0.02) 0.37 (0.05) 0.11 (0.03) 0.85 (0.03)
wSVM-Prop 0.73 (0.02) 0.46 (0.06) 0.15 (0.04) 0.87 (0.02) 0.66 (0.02) 0.36 (0.04) 0.10 (0.03) 0.85 (0.03)
pSVM-linear-KM 0.87 (0.02) 0.72 (0.05) 0.44 (0.06) 0.95 (0.02) 0.86 (0.02) 0.71 (0.04) 0.42 (0.06) 0.94 (0.01)
pSVM-linear-prop 0.86 (0.02) 0.72 (0.05) 0.44 (0.06) 0.95 (0.02) 0.86 (0.02) 0.71 (0.04) 0.42 (0.06) 0.94 (0.01)
pSVM-radial-KM 0.79 (0.02) 0.57 (0.05) 0.25 (0.05) 0.87 (0.02) 0.79 (0.03) 0.58 (0.05) 0.27 (0.05) 0.86 (0.02)
pSVM-radial-prop 0.79 (0.02) 0.56 (0.05) 0.24 (0.05) 0.87 (0.02) 0.79 (0.03) 0.57 (0.05) 0.27 (0.05) 0.86 (0.02)
LUPI-linear-KM 0.78 (0.03) 0.56 (0.05) 0.27 (0.05) 0.84 (0.03) 0.78 (0.03) 0.54 (0.05) 0.26 (0.05) 0.84 (0.03)
LUPI-linear-prop 0.77 (0.03) 0.55 (0.05) 0.27 (0.05) 0.84 (0.03) 0.77 (0.03) 0.54 (0.05) 0.26 (0.05) 0.83 (0.03)
inSVM-gradient 0.83 (0.02) 0.66 (0.04) 0.35 (0.05) 0.92 (0.02) 0.80 (0.02) 0.59 (0.05) 0.27 (0.05) 0.88 (0.02)
inSVM-averaging 0.84 (0.02) 0.67 (0.05) 0.37 (0.05) 0.92 (0.02) 0.83 (0.02) 0.66 (0.05) 0.35 (0.06) 0.92 (0.02)

Table C.6: Proportional hazards, negative skew, 10% and 30% censoring and 300 observations

scenarios results. Mean (standard deviation) is shown.

10% Censoring 30% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.89 (0.02)  0.78 (0.03)  0.50 (0.05)  0.96 (0.01) 0.89 (0.02)  0.79 (0.03)  0.51 (0.05)  0.96 (0.01)
Kernel Cox 0.81 (0.02)  0.61 (0.05)  0.29 (0.05)  0.87 (0.02) 0.81 (0.02)  0.61 (0.04)  0.28 (0.05)  0.87 (0.02)
wSVM-KM 0.74 (0.03)  0.48 (0.08)  0.17 (0.06)  0.86 (0.03) 0.71 (0.03)  0.43 (0.07)  0.14 (0.05)  0.87 (0.02)
wSVM-Prop 0.74 (0.03)  0.48 (0.08)  0.17 (0.06)  0.87 (0.03) 0.71 (0.03)  0.43 (0.07)  0.14 (0.05)  0.86 (0.02)
pSVM-linear-KM 0.86 (0.02) 0.72 (0.05) 0.44 (0.06) 0.94 (0.02) 0.87 (0.02) 0.73 (0.05) 0.44 (0.06) 0.94 (0.01)
pSVM-linear-prop ~ 0.85 (0.03)  0.70 (0.05)  0.41 (0.06)  0.93 (0.02) 0.86 (0.03)  0.72 (0.05)  0.43 (0.07)  0.94 (0.02)
pSVM-radial-KM  0.78 (0.03)  0.55 (0.08)  0.22 (0.07)  0.87 (0.03) 0.79 (0.03)  0.59 (0.05)  0.30 (0.05) 0.86 (0.03)
pSVM-radial-prop ~ 0.77 (0.03)  0.54 (0.07)  0.21 (0.07)  0.87 (0.02) 0.79 (0.03)  0.58 (0.05)  0.29 (0.05)  0.86 (0.03)
LUPI-linear-KM 0.76 (0.03)  0.54 (0.05)  0.29 (0.04)  0.83 (0.03) 0.77 (0.03)  0.55 (0.06)  0.27 (0.05)  0.84 (0.03)
LUPI-linear-prop 0.76 (0.03)  0.54 (0.05)  0.29 (0.04)  0.83 (0.03) 0.77 (0.03)  0.55 (0.06)  0.27 (0.05)  0.84 (0.03)
inSVM-gradient 0.83 (0.03)  0.66 (0.06)  0.35 (0.06)  0.92 (0.02) 0.80 (0.03)  0.61 (0.06)  0.30 (0.06)  0.89 (0.03)
inSVM-averaging 0.84 (0.02)  0.67 (0.05)  0.37 (0.06)  0.92 (0.02) 0.84 (0.03)  0.67 (0.05)  0.37 (0.06)  0.92 (0.02)

Table C.7: Non-proportional hazards, negative skew, 10% and 30% censoring and 300 obser-

vations scenarios results. Mean (standard deviation) is shown.

10% Censoring 380% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.71 (0.03) 0.39 (0.06) 0.10 (0.04) 0.77 (0.03) 0.70 (0.03) 0.38 (0.05) 0.09 (0.03) 0.76 (0.03)
Kernel Cox 0.67 (0.03) 0.33 (0.05) 0.1 (0.04) 0.71 (0.03) 0.68 (0.02) 0.33 (0.05) 0.08 (0.04) 0.7 (0.03)
wSVM-KM 0.65 (0.02) 0.24 (0.06) 0.01 (0.02) 0.71 (0.03) 0.63 (0.02) 0.19 (0.06) 0.01 (0.02) 0.70 (0.03)
wSVM-Prop 0.64 (0.02) 0.24 (0.06) 0.01 (0.02) 0.71 (0.03) 0.62 (0.02) 0.18 (0.06) 0.01 (0.02) 0.69 (0.02)
pSVM-linear-KM 0.69 (0.03) 0.38 (0.06) 0.13 (0.04) 0.76 (0.03) 0.68 (0.03) 0.36 (0.05) 0.13 (0.04) 0.75 (0.03)
pSVM-linear-prop 0.69 (0.03) 0.37 (0.06) 0.13 (0.04) 0.76 (0.03) 0.68 (0.03) 0.35 (0.06) 0.12 (0.04) 0.75 (0.03)
pSVM-radial-KM 0.66 (0.02) 0.29 (0.05) 0.04 (0.03) 0.71 (0.03) 0.65 (0.04) 0.31 (0.06) 0.20 (0.11) 0.71 (0.02)
pSVM-radial-prop 0.66 (0.02) 0.29 (0.05) 0.03 (0.03) 0.70 (0.03) 0.64 (0.04) 0.30 (0.06) 0.17 (0.11) 0.70 (0.02)
LUPI-linear-KM 0.66 (0.03) 0.33 (0.05) 0.15 (0.06) 0.70 (0.03) 0.66 (0.03) 0.33 (0.05) 0.13 (0.06) 0.70 (0.02)
LUPI-linear-prop 0.66 (0.03) 0.33 (0.05) 0.15 (0.06) 0.70 (0.03) 0.66 (0.03) 0.33 (0.05) 0.13 (0.06) 0.70 (0.02)
inSVM-gradient 0.69 (0.03) 0.37 (0.05) 0.11 (0.03) 0.76 (0.03) 0.67 (0.02) 0.34 (0.05) 0.13 (0.05) 0.72 (0.02)

inSVM-averaging ~ 0.69 (0.03)  0.37 (0.05)  0.12 (0.03)  0.76 (0.03) 0.68 (0.03)  0.37 (0.05)  0.14 (0.04)  0.76 (0.03)
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Table C.8: Non-proportional hazards, positive skew, 10% and 30% censoring and 300 obser-

vations scenarios results. Mean (standard deviation) is shown.

10% Censoring 30% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.71 (0.02)  0.39 (0.05)  0.10 (0.03)  0.77 (0.03) 0.71 (0.03)  0.39 (0.06)  0.10 (0.04)  0.76 (0.03)
Kernel Cox 0.68 (0.03)  0.34 (0.06)  0.07 (0.04)  0.70 (0.03) 0.67 (0.03)  0.33 (0.05)  0.09 (0.04)  0.70 (0.03)
wSVM-KM 0.65 (0.02)  0.20 (0.05)  0.01 (0.02)  0.69 (0.03) 0.61 (0.02)  0.16 (0.06)  0.01 (0.02)  0.69 (0.03)
wSVM-Prop 0.63 (0.02)  0.20 (0.06)  0.01 (0.02)  0.69 (0.03) 0.61 (0.02)  0.15 (0.06)  0.01 (0.02)  0.70 (0.03)
pSVM-linear-KM 0.70 (0.03) 0.38 (0.05) 0.11 (0.03) 0.76 (0.03) 0.69 (0.03) 0.36 (0.06) 0.13 (0.03) 0.75 (0.03)
pSVM-linear-prop ~ 0.69 (0.02)  0.37 (0.05)  0.11 (0.03)  0.75 (0.03) 0.68 (0.03)  0.36 (0.06)  0.12 (0.04)  0.75 (0.03)
pSVM-radial-KM  0.66 (0.03)  0.28 (0.06)  0.03 (0.03)  0.70 (0.03) 0.67 (0.03)  0.32 (0.06)  0.14 (0.04)  0.71 (0.03)
pSVM-radial-prop ~ 0.66 (0.03)  0.27 (0.06)  0.03 (0.03)  0.69 (0.03) 0.65 (0.03)  0.31 (0.05)  0.08 (0.05)  0.70 (0.03)
LUPI-linear-KM 0.67 (0.03)  0.33 (0.06)  0.09 (0.04)  0.70 (0.03) 0.66 (0.03)  0.32 (0.05)  0.13 (0.04)  0.70 (0.03)
LUPI-linear-prop 0.67 (0.03)  0.33 (0.06)  0.09 (0.04)  0.70 (0.03) 0.66 (0.03)  0.32 (0.05)  0.13 (0.04)  0.70 (0.03)
inSVM-gradient 0.71 (0.02)  0.37 (0.05)  0.09 (0.03)  0.75 (0.03) 0.69 (0.02)  0.36 (0.04)  0.11 (0.03)  0.75 (0.03)
inSVM-averaging 0.71 (0.02)  0.37 (0.05) 0.1 (0.03)  0.75 (0.03) 0.69 (0.03)  0.38 (0.05)  0.13 (0.03)  0.76 (0.03)

Table C.9: Proportional hazards, negative skew, 10% and 30% censoring and 50 observations

scenarios results. Mean (standard deviation) is shown.

10% Censoring 30% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.57 (0.11)  0.34 (0.14)  0.13 (0.07)  0.56 (0.10) 0.50 (0.07)  0.18 (0.13)  0.21 (0.12)  0.53 (0.05)
Kernel Cox 0.72 (0.08)  0.44 (0.15)  0.17 (0.11)  0.77 (0.08) 0.73 (0.06)  0.45 (0.13)  0.16 (0.11)  0.77 (0.07)
wSVM-KM 0.62 (0.03) 0.20 (0.13) 0.03 (0.05) 0.75 (0.08) 0.56 (0.04) 0.12 (0.11) 0.02 (0.01) 0.75 (0.07)
wSVM-Prop 0.61 (0.03)  0.19 (0.13)  0.03 (0.05)  0.75 (0.08) 0.55 (0.04)  0.12 (0.1)  0.02 (0.01)  0.74 (0.07)
pSVM-linear-KM  0.76 (0.07)  0.53 (0.13)  0.27 (0.11)  0.85 (0.06) 0.73 (0.07)  0.47 (0.13)  0.20 (0.1)  0.82 (0.07)
pSVM-linear-prop  0.75 (0.07)  0.49 (0.14)  0.24 (0.11)  0.84 (0.07) 0.73 (0.07)  0.46 (0.14)  0.20 (0.11)  0.81 (0.08)
pSVM-radiall KM 0.65 (0.05)  0.28 (0.17)  0.11 (0.13)  0.76 (0.08) 0.67 (0.07)  0.35 (0.15)  0.39 (0.27)  0.75 (0.07)
pSVM-radial-prop  0.64 (0.06)  0.24 (0.18)  0.09 (0.15)  0.75 (0.08) 0.63 (0.07)  0.31 (0.14)  0.20 (0.33)  0.75 (0.07)
LUPI-linear-KM 0.69 (0.09) 0.4 (0.16)  0.22 (0.14)  0.74 (0.09) 0.70 (0.08)  0.41 (0.15)  0.19 (0.12)  0.73 (0.08)
LUPI-linear-prop  0.69 (0.09) 0.4 (0.16)  0.22 (0.14)  0.74 (0.09) 0.70 (0.08)  0.40 (0.15)  0.19 (0.12)  0.73 (0.08)
inSVM-gradient 0.74 (0.06)  0.46 (0.14)  0.17 (0.11)  0.79 (0.07) 0.74 (0.07)  0.48 (0.14)  0.23 (0.12)  0.82 (0.06)
inSVM-averaging 0.75 (0.07) 0.49 (0.14) 0.19 (0.11) 0.83 (0.07) 0.74 (0.06) 0.49 (0.13) 0.23 (0.12) 0.83 (0.06)

Table C.10: Proportional hazards, positive skew, 10% and 30% censoring and 50 observations

scenarios results. Mean (standard deviation) is shown.

10% Censoring 30% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.67 (0.14)  0.47 (0.18)  0.24 (0.14)  0.68 (0.14) 0.52 (0.10)  0.28 (0.14)  0.07 (0.08)  0.55 (0.09)
Kernel Cox 0.74 (0.06)  0.48 (0.13) 0.18 (0.1)  0.79 (0.07) 0.73 (0.07)  0.45 (0.16)  0.17 (0.11)  0.77 (0.08)
wSVM-KM 0.62 (0.06)  0.28 (0.16)  0.09 (0.08)  0.79 (0.07) 0.54 (0.05)  0.15 (0.09) 0.02 (0) 0.78 (0.07)
wSVM-Prop 0.60 (0.06)  0.27 (0.16)  0.08 (0.08)  0.79 (0.07) 0.54 (0.05)  0.14 (0.08)  0.02 (0.01)  0.77 (0.07)
pSVM-linear-KM 0.77 (0.06)  0.54 (0.12)  0.26 (0.11)  0.86 (0.06) 0.74 (0.07)  0.47 (0.14)  0.21 (0.11)  0.82 (0.07)
pSVM-linear-prop  0.77 (0.07)  0.54 (0.13)  0.26 (0.12)  0.85 (0.06) 0.74 (0.07)  0.47 (0.14)  0.21 (0.11)  0.82 (0.07)
pSVM-radial-KM  0.67 (0.06)  0.33 (0.17)  0.23 (0.25)  0.79 (0.07) 0.64 (0.07)  0.30 (0.15)  0.40 (0.41)  0.76 (0.08)
pSVM-radial-prop ~ 0.66 (0.07)  0.31 (0.17)  0.22 (0.27)  0.79 (0.07) 0.64 (0.08)  0.29 (0.17)  0.35 (0.41)  0.76 (0.08)
LUPI-linear-KM 0.73 (0.06)  0.47 (0.12) 0.22 (0.1)  0.79 (0.07) 0.71 (0.06)  0.42 (0.13)  0.21 (0.11)  0.76 (0.07)
LUPI-linear-prop 0.73 (0.06)  0.47 (0.12) 0.22 (0.1)  0.79 (0.07) 0.71 (0.06)  0.42 (0.13)  0.21 (0.11)  0.76 (0.07)
inSVM-gradient 0.76 (0.06)  0.52 (0.12)  0.22 (0.10)  0.85 (0.06) 0.72 (0.07)  0.45 (0.14)  0.22 (0.12)  0.79 (0.07)

inSVM-averaging ~ 0.76 (0.07)  0.51 (0.14)  0.22 (0.11)  0.84 (0.06) 0.75 (0.06)  0.50 (0.11)  0.24 (0.10)  0.83 (0.06)
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Table C.11: Non-Proportional hazards, negative skew, 10% and 30% censoring and 50 obser-

vations scenarios results. Mean (standard deviation) is shown.

10% Censoring 80% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.58 (0.05)  0.14 (0.17)  0.01 (0.08)  0.53 (0.07) 0.58 (0.07)  0.08 (0.17)  0.07 (0.08)  0.54 (0.06)
Kernel Cox 0.63 (0.06)  0.23 (0.13)  0.06 (0.08)  0.63 (0.07) 0.63 (0.07)  0.23 (0.14)  0.05 (0.07)  0.64 (0.08)
wSVM-KM 0.62 (0.04)  0.14 (0.16)  0.01 (0.06)  0.63 (0.08) 0.59 (0.04)  0.12 (0.11)  0.01 (0.06)  0.63 (0.08)
wSVM-Prop 0.60 (0.03)  0.14 (0.15)  0.01 (0.06)  0.63 (0.08) 0.59 (0.04)  0.12 (0.11)  0.01 (0.06)  0.63 (0.08)
pSVM-linear-KM 0.64 (0.07)  0.26 (0.14)  0.08 (0.06)  0.68 (0.08) 0.62 (0.08)  0.22 (0.15)  0.11 (0.08)  0.64 (0.09)
pSVM-linear-prop ~ 0.62 (0.06)  0.23 (0.14)  0.08 (0.08)  0.66 (0.08) 0.61 (0.07)  0.22 (0.14)  0.11 (0.08)  0.64 (0.09)
pSVM-radial-KM  0.63 (0.04)  0.17 (0.15)  0.01 (0.05)  0.63 (0.08) 0.61 (0.07)  0.16 (0.16)  0.22 (0.31)  0.63 (0.08)
pSVM-radial-prop ~ 0.61 (0.04)  0.16 (0.15)  0.01 (0.07)  0.63 (0.08) 0.59 (0.09)  0.13 (0.16)  0.06 (0.35)  0.63 (0.08)
LUPI-linear-KM 0.63 (0.07)  0.23 (0.15)  0.07 (0.11)  0.64 (0.09) 0.62 (0.07)  0.22 (0.14)  0.09 (0.10)  0.64 (0.08)
LUPI-linear-prop 0.63 (0.07)  0.23 (0.15)  0.07 (0.11)  0.64 (0.09) 0.62 (0.07)  0.22 (0.14)  0.09 (0.10)  0.64 (0.08)
inSVM-gradient 0.65 (0.06)  0.28 (0.14)  0.07 (0.08)  0.68 (0.09) 0.63 (0.07)  0.23 (0.14)  0.07 (0.08)  0.64 (0.08)
inSVM-averaging 0.66 (0.06)  0.28 (0.13)  0.07 (0.08)  0.67 (0.08) 0.64 (0.07)  0.26 (0.14)  0.11 (0.09)  0.68 (0.07)

Table C.12: Non-Proportional hazards, positive skew, 10% and 30% censoring and 50 obser-

vations scenarios results. Mean (standard deviation) is shown.

10% Censoring 30% Censoring

Method Accuracy Matthews NMI AUC Accuracy Matthews NMI AUC

Cox model 0.56 (0.04) 0.08 (0.11) 0.02 (0.07) 0.52 (0.05) 0.57 (0.05) 0.12 (0.13) 0.07 (0.08) 0.53 (0.06)
Kernel Cox 0.60 (0.07)  0.19 (0.14)  0.07 (0.07)  0.62 (0.08) 0.61 (0.07)  0.20 (0.15)  0.08 (0.09)  0.64 (0.08)
wSVM-KM 0.59 (0.04)  0.14 (0.16)  0.01 (0.06)  0.61 (0.09) 0.58 (0.04)  0.08 (0.14)  0.01 (0.06)  0.63 (0.08)
wSVM-Prop 0.57 (0.04)  0.14 (0.15)  0.01 (0.06)  0.61 (0.09) 0.59 (0.04)  0.08 (0.14)  0.01 (0.06)  0.63 (0.08)
pSVM-linear-KM 0.62 (0.08)  0.21 (0.17)  0.07 (0.08)  0.65 (0.10) 0.61 (0.07)  0.20 (0.14)  0.08 (0.08)  0.64 (0.09)
pSVM-linear-prop 0.61 (0.08) 0.21 (0.17) 0.07 (0.08) 0.65 (0.10) 0.59 (0.07) 0.18 (0.14) 0.09 (0.08) 0.64 (0.09)
pSVM-radial-KM  0.63 (0.04)  0.11 (0.14)  0.01 (0.05)  0.62 (0.09) 0.59 (0.07)  0.12 (0.16)  0.11 (0.16)  0.63 (0.08)
pSVM-radial-prop ~ 0.60 (0.05)  0.11 (0.15)  0.01 (0.07)  0.61 (0.09) 0.54 (0.09)  0.08 (0.15)  0.61 (0.54)  0.62 (0.08)
LUPI-linear-KM 0.63 (0.08)  0.22 (0.15)  0.13 (0.09)  0.62 (0.09) 0.63 (0.07)  0.23 (0.15)  0.11 (0.12)  0.63 (0.07)
LUPI-linear-prop 0.60 (0.08)  0.21 (0.15)  0.12 (0.09)  0.62 (0.09) 0.60 (0.07)  0.22 (0.15)  0.11 (0.12)  0.63 (0.07)
inSVM-gradient 0.64 (0.07)  0.25 (0.15)  0.06 (0.07)  0.67 (0.09) 0.63 (0.07)  0.25 (0.13)  0.11 (0.09)  0.67 (0.08)

inSVM-averaging ~ 0.64 (0.07)  0.24 (0.15)  0.06 (0.07)  0.67 (0.09) 0.64 (0.07)  0.26 (0.14)  0.11 (0.08)  0.67 (0.08)
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Relevance of Variables

Supplementary Simulation Results
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Figure D.1: Scenario 1 results for all 100 simulated datasets, all 30 variables and first iteration
of the RFE-pseudo-samples algorithm. The pseudo-samples distribution for each variable is
shown with a non-parametric local regression estimation (LOESS) with the corresponding 95%

confidence interval.
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Figure D.2: Scenario 2 results for all 100 simulated datasets, all 30 variables and first iteration
of the RFE-pseudo-samples algorithm. The pseudo-samples distribution for each variable is
shown with a non-parametric local regression estimation (LOESS) with the corresponding 95%

confidence interval.
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Figure D.3: Scenario 3 results for all 100 simulated datasets, all 30 variables and first iteration
of the RFE-pseudo-samples algorithm. The pseudo-samples distribution for each variable is
shown with a non-parametric local regression estimation (LOESS) with the corresponding 95%

confidence interval.
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Time-to-malaria ~ Variable 1 + Variable 2 + Variable 1 x Variable 2
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Figure D.4: Scenario 4 results for all 100 simulated datasets, all 30 variables and first iteration
of the RFE-pseudo-samples algorithm. The pseudo-samples distribution for each variable is
shown with a non-parametric local regression estimation (LOESS) with the corresponding 95%

confidence interval.
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Figure D.5: Scenario 5 results for all 100 simulated datasets, all 30 variables and first iteration
of the RFE-pseudo-samples algorithm. The pseudo-samples distribution for each variable is
shown with a non-parametric local regression estimation (LOESS) with the corresponding 95%

confidence interval.
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Time-to-malaria ~ Variable 1 + Variable 1%+ exp(Variable 30)

0.6

var30

0.4 varl

1

vars8

Vareg

Decision value
B
Gt~

02 varl

var30

0.0

0
Pseudo-sample value

Figure D.6: Scenario 6 results for all 100 simulated datasets, all 30 variables and first iteration
of the RFE-pseudo-samples algorithm. The pseudo-samples distribution for each variable is
shown with a non-parametric local regression estimation (LOESS) with the corresponding 95%

confidence interval.
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Mal067 Supplementary Results
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Figure E.1: Scaled Schoenfeld residuals for the 28 cytokines and RTS,S cohort. Y-axis shows
the estimation of the Cox proportional hazards coefficient as a function of time and the X-axis

the day in which an event occurred.
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Figure E.2: Scaled Schoenfeld residuals for the 28 cytokines for the comparator cohort. Y-axis
shows the estimation of the Cox proportional hazards coefficient as a function of time and the

X-axis the day in which an event occurred.
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Table E.1: P values for the scaled Schoenfeld residuals by analyte and vaccination status after

fitting a bivariate Cox proportional hazards model. The p values correspond to the ones on
Figure E.1 (RTS,S) and Figure E.2 (comparator).

Analyte

RTS,S Comparator

EGF
Fotaxin
FGF
G-CSF
GM-CSF
HGF
IFN-«
IFN-~
1L-10
IL-12
1L-13
IL-15
IL-17
IL-15
IL-1ra
IL-2
IL-2r
IL-4
1L-5
IL-7
IP-10
MCP-1
MIG
MIP-1«
MIP-15
RANTES
TNF
VEGF

0.244
0.707
0.698
0.568
0.651
0.446
0.634
0.023
0.746
0.579
0.506
0.607
0.365
0.882
0.784
0.288
0.553
0.735
0.880
0.506
0.199
0.195
0.692
0.788
0.398
0.253
<0.001
0.726

0.344
0.748
0.630
0.717
0.633
0.327
0.654
0.693
0.498
0.356
0.915
0.321
0.786
0.556
0.139
0.328
0.586
0.574
0.538
0.722
0.453
0.325
0.702
0.678
0.360
0.520
0.411
0.562
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Figure E.3: Distribution of logio(AMA1/DMSO) ratio by cytokine and vaccination status.
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Table E.2: Summary of relevant cytokines rank for RTS,S and comparator cohort (based on
RFE-pseudo-samples algorithm). Mean (standard deviation) of the 100 bootstrap datasets is

shown. The lower the mean the more relevant the cytokine/chemokine is.

RTS,S Comparator

Analyte Mean (SD) Analyte  Mean (SD)
RANTES 6.96 (5.96) IL-15 9.72 (5.69)

1L-12 8.13 (4.75) IP-10 9.76 (7.22)

G-CSF 9.49 (5.62) IL-2r 9.93 (9.05)

Eotaxin 10.33 (6.84) MIP-1ov  10.43 (7.63)
EGF 11.06 (7.19) HGF  10.73 (8.25)
GM-CSF 11.18 (6.62) IL-4 1240 (8.91)
FGF 11.87 (6.91) IL-13  12.68 (8.80)
TNF 12.13 (6.88) EGF 12.71 (9.52)
IL-18 12.53 (7.30) G-CSF  12.83 (6.77)
HGF 12.73 (6.12) IL-12 13.07 (7.91)
IL-5 12.81 (8.52) FGF  13.20 (7.06)
IL-15 12.98 (6.38) IL-10 13.29 (7.20)
1L-2 13.40 (8.53) IL-18 13.64 (9.24)
IL-1ra 14.09 (6.15) IFN-a  13.98 (8.75)
VEGF 14.26 (5.83) IL-1ra 14.87 (7.26)
IL-13 14.96 (8.25) VEGF  15.01 (9.55)
IFN-y 15.02 (8.98) Eotaxin  15.25 (7.24)
IFN-ALPHA 15.13 (7.37) IL-7 15.31 (7.39)
IL-10 15.32 (6.61) TNF  15.98 (6.56)
IL-4 15.45 (6.58)  GM-CSF  16.19 (6.79)
MCP-1 16.81 (7.07)  RANTES 16.63 (6.20)
IL-7 17.06 (7.01) MIG  16.78 (7.05)
IL-17 17.28 (9.08) IL-17 17.52 (6.89)
MIG 17.79 (6.21) IFN-y  17.62 (6.50)
MIP-1a 20.18 (8.78) L2  17.89 (6.83)
IP-10 21.77 (6.36) MCP-1  18.47 (6.66)
IL-2r 22.35 (5.70) IL5  19.43 (6.78)
MIP-183 22.94 (8.16) MIP-13  20.68 (5.84)







Appendix F

R code

This section shows the implemented code created specifically for the present thesis: to estimate

the parameters of the proposed SVM methods presented in Chapter 6. The code lacks of quality

control parts because it was developed specifically for internal use. Therefore, all arguments

were specified in the correct format.

F.1 Support vector machines learning using privileged informa-

tion

The code shown is the R code to estimate the parameters of the expression shown in Section 6.1,

equation (6.3) and the function to predict the class given a new observation in equation (6.2).

Estimation of parameters function

Arguments
train.data
vars
vars.correc
class.var
sigma
gamma
kernel.dec

kernel.correct

scale.arg

rho

Training data.

Character vector defining the variables used in the decision space.

Character vector defining the variables used in the correcting space.
Character vector specifying the name of the variable that defines the class of
the observations.

The parameter value of the radial Gaussian kernel of the decision space (when
Gaussian kernel is specified).

The parameter value of the radial Gaussian kernel of the correcting space
(when Gaussian kernel is specified).

Character vector defining whether to use linear kernel or Gaussian kernel in
the decision space.

Character vector defining whether to use linear kernel or Gaussian kernel in
the correcting space.

Logical indicating whether to scale variables.

Cost (or weight) of the correcting space.
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C Cost of the constraint violations.

Function

svm.lupi <- function(train.data, vars, vars.correct, class.var, sigma = NULL,

gamma=NULL, kernel.dec="linear", kernel.correct = "radial",

scale.arg=TRUE, rho, C){

dat <- train.data

n <- nrow(dat)

#### Kernel functions
if (kernel.dec=="1linear") kernelfun.dec

if (kernel.dec=="radial") kernelfun.dec

if (kernel.correct=="1linear") kernelfun.

if (kernel.correct=="radial") kernelfun.

### Define some matrices and scale
yvector <- dat[, class.var]
xmat.dec <- dat[, vars]

xmat.corr <- dat[, vars.correct]

if (scale.arg)q{

<- vanilladot ()
<- rbfdot(sigma)
cor <- vanilladot()

cor <- rbfdot(gamma)

xmat.dec <- apply(xmat.dec, 2, function(x) scale(x, TRUE, TRUE))

xmat.corr <- apply(zxmat.corr, 2, function(x) scale(x, TRUE, TRUE))

### Defining indexes of vectors
alpha <- 1:nrow(dat)
beta <- (nrow(dat)+1): (nrow(dat)=*2)

kern.matrix.dec <- kernelfun.dec(t(xmat.dec), t(xmat.dec))

kern.matrix.cor <- kernelfun.cor(t(xmat.dec), t(xmat.dec))

minfun <- function(x){

al <- sum(x[alphal)

a2.1 <- x[alphal*yvector

a2.1 <- sapply(a2.1, function(xx) xx*a2.1)

a2 <- -1/2 * sum(a2.1 * kern.matrix.dec)
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a3.1 <- x[alphal] + x[beta] - C
a3.1 <- sapply(a3.1, function(xx) xx*a3.1)

a3 <- -1/(2*%rho) * sum(a3.1 * kern.matrix.cor)

ans <- al + a2 + a3

return(-ans)

11 <- rep(0,n*2)
uu <- rep(Inf,n*2)

input <- rep(0.1, n*2)

eqn=function(x){
z1l <- sum(yvector * x[alphal)
z2 <- sum(x[alpha] + x[betal] - C )

return(c(z1,z2))

c(0,0),
list(trace=0))

out <- solnp(input, minfun, eqfun = eqn, eqB

LB = 11, UB= uu, control

y.data <- dat[,class.var]

mat.data <- dat[,vars]

### Estimate bias

fx <- function(x){
value <- sum(as.matrix(kern.matrix.dec[,x])*yvector*out$pars[alphal)
bias.ans <- yvector[x] - value

bias.ans

bias <- sapply(1l:nrow(dat),function(yy) fx(yy))

bias <- mean(bias)

ans <- list(par= out$pars, sol=out, sigma = sigma, gamma = gamma, rho =
C=C, original.data = train.data, vars = vars,
vars.correct = vars.correct, y.data = yvector,
mat.data = dat[, c(vars)], alphas = out$pars[alphal,
original.dat = dat, betas = out$pars[betal ,bias = bias,

kernelfun.dec = kernelfun.dec, kernelfun.cor=kernelfun.cor)

rho,
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return(ans)

Decision function

Arguments

X Numeric vector with the observation to predict.

out.object Object with the information provided by the function svm.lupi
bias.arg Logical indicating whether to add the bias in the decision value.
Function

ff.svm.lupi <- function(x, out.object, bias.arg=TRUE){

kernelfun.dec <- out.object$kernelfun.dec
bias <- out.object$bias

vars <- out.object$vars

y.data <- out.object$y.data

mat.data <- out.object$mat.data

alphas <- out.object$alphas

new.mat.data <- as.matrix(rbind(mat.data,x))

nselec <- nrow(new.mat.data)

value.k <- kernelMatrix(kernelfun.dec, new.mat.data, new.mat.data) [nselec,-nselec]
ans <- alphas*y.data*value.k

if (bias.arg) ans <- sum(ans) + bias

if (!bias.arg) ans <- sum(ans)

return(ans)

F.2 Support vector machines with uncertain classes

The code shown is the R code to estimate the parameters of the expression shown in equation

(6.6) and the function to predict the class given a new observation in equation (6.7).

Estimation of parameters function

Arguments

dat Training data.
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vars
class.var

kernel.arg

Character vector specifying the name of the variables.
Character vector specifying the name of the variable that defines the class.

Character vector specifying the type of the kernel, “linear” or “radial”.

sigma Numeric value defining the parameter of the radial Gaussian (when Gaussian
kernel is specified).

C Cost value related to the certain classes.

C1 Cost value related to the uncertain classes.

rho Distance of the probability prediction for a given point.

verbose Indicator value defining whether to print the output of the solnp function.
This argument is directly passed to the function. Default 0 (does not show
the output).

Function

svm.uncertain <- function(dat, vars, class.var, kernel.arg = "linear",

sigma, C, Cl, rho=0.001, verbose=0){

class.vector <- dat[,class.var]

#### Kernel functions

if (kernel.arg=="1linear") kmeth <- vanilladot()

if (kernel.arg=="radial") kmeth <- rbfdot(sigma)

y.cert <- dat[dat[,class.var]%inl%c(-1,1),class.var]

y.uncert <- dat[dat[,class.var]’ninjc(-1,1),class.var]

n.certain <- length(y.cert)

n.uncertain <- length(y.uncert)

datx.cert <- dat[dat[,class.var]%in%c(-1,1),vars]

datx.uncert <- dat[dat[,class.var]¥%nin¥%c(-1,1),vars]

# Probabilities

pi <- datldat[,class.var]’ninjc(-1,1),class.var]
a <- log( (1/rho) -1 )

zminus <- (-1/a)*log((1/(pi-rho))-1)

zplus <- (-1/a)*log((1/(pi+rho))-1)

# K1 estimation. Only certain.

kern.mat <- kernelMatrix(kmeth, as.matrix(datx.cert))

kern.mat.certain <- kern.mat

y.mat <- sapply(y.cert, function(x) y.cert*x)
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K1 <- kern.mat*y.mat

# K2 estimation. Certain and uncertain
kern.mat <- apply(datx.cert, 1, function(x)

kernelMatrix(kmeth, as.matrix(rbind(x,datx.uncert)))[1,])
kern.mat <- t(kern.mat) [,-1]

K2 <- kern.mat*y.cert

# K3 estimation. Only certain.
kern.mat <- kernelMatrix(kmeth, as.matrix(datx.uncert))

K3 <- kern.mat

### Create matrices to estimate the parameters
Gl <- cbind(K1, -K2, K2)

G2 <- cbind(t(-K2), K3, -K3)

G3 <- cbind(t(K2), -K3, K3)

G <- rbind(G1, G2, G3)

e <~ c(rep(1l,n.certain), -zplus , zminus )

f <- c(y.cert, rep(-1, n.uncertain), rep(l, n.uncertain))

### Function to be minimized

minfun <- function(x){
ans <- as.numeric((1/2 * (t(x)%*%G/*%x)) — (t(e)%*%x))
return(ans)

}

eqn <- function(x){
h <- as.numeric(£%*%x)

return(h)

11 <- rep(0,n.certain+(n.uncertainx2))

uu <- c(rep(C, n.certain), rep(Cl, n.uncertainx2))
input <- rep(min(c(C,C1))/2, n.certain+(n.uncertainx2))
out <- solnp(input, minfun, eqfun = eqn, egB =0,

LB = 11, UB= uu, control = list(trace=verbose))

# Bias
fx <- function(x){

labelled.sol <- out$pars[l:n.certain]
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tmp <- as.matrix(kernelMatrix(kmeth, as.matrix(datx.cert)))

valuel <- sum(as.matrix(tmp[,x])*y.cert*labelled.sol)

tmp <- as.matrix(kernelMatrix(kmeth, rbind(as.matrix(datx.cert) [x,],
as.matrix(datx.uncert))))

muplus <- out$pars[(n.certain+l):(n.certain+n.uncertain)]

muminus <- out$pars[(n.certain+n.uncertain+l):(n.certain + 2*n.uncertain)]

value2 <- sum((muplus-muminus)*tmp[1,-1])

bias.ans <- y.cert[x] - (valuel - value2)

bias.ans

bias <- unlist(lapply(l:nrow(datx.cert),function(yy) fx(yy)))

bias <- mean(bias)

alpha <- out$pars[l:n.certain]

muplus <- out$pars[(n.certain+l):(n.certain+n.uncertain)]

muminus <- out$pars[(n.certain+n.uncertain+l):(n.certain + 2+*n.uncertain)]

ans <- list(sol=out, par=out$pars ,bias = bias, datx.cert=datx.cert,
kmeth = kmeth, zplus = zplus, zminus = zminus,
datx.uncert=datx.uncert, y.cert=y.cert, n.certain = n.certain,
f=f, alpha=alpha, muplus = muplus, muminus = muminus)

return(ans)

Decision function

Arguments

Xvector Numeric vector with the observation to predict.

out Object with the information provided by the function svm.uncertain
bias.arg Logical indicating whether to add the bias in the decision value.
Function

ff.svm.uncertain <- function(xvector, out, bias.arg=TRUE){
parameters <- out$par
datx.cert <- out$datx.cert
datx.uncert <- out$datx.uncert
kmeth <- out$kmeth
n.certain <- out$n.certain

y.cert <- out$y.cert
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zplus <- out$zplus

bias <- out$bias

alpha <- out$alpha

muplus <- out$muplus

muminus <- out$muminus

bias <- out$bias

kern.mat <- kernelMatrix(kmeth, as.matrix(rbind(xvector, as.matrix(datx.cert))))

ansl <- sum(alpha*y.cert*kern.mat[1,-1])

kern.mat <- kernelMatrix(kmeth, as.matrix(rbind(xvector, as.matrix(datx.uncert))))

ans2 <- sum((muplus-muminus)*kern.mat[1,-1])

ans <- ansl - ans2

if (bias.arg) ans <- ans + bias

return(ans)

F.3 Semi-supervised support vector machines with local invari-

alnces

The code shown is the R code to estimate the parameters of the expression shown in equation

(6.12) and the function to predict the class given a new observation in equation (6.13).

Specific functions to calculate local invariances

Arguments
x,x1,xp
sigmap
sigmak
sigma

kmeth

d

jcomp, gcomp

Functions

A vector of an specific observation.

Sigma value of the Gaussian distribution for the averaging approach.

Sigma value of the Gaussian kernel for the averaging approach.

Sigma value of the Gaussian kernel for the gradient approach.

Kernel method (function of the kernel method used) for both averaging and
gradient approach.

d value from the averaging approach used.

j and ¢ component of the x vector to calculate the gradient (gradient specific).

### Function to calculate z_ij(x) for the averaging approach

linv.average.z <- function(xi, x, sigmap, sigmak, d, kmeth){
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ansl <- (sigmak~d / (sigmak + sigmap)~d ) *

exp( (-1 / (2*(sigmak + sigmap)~2)) * sum((xi-x)~2))
ans2 <- exp( (-1 / (2%(sigmak~2))) * sum((xi-x)~2))
ans <- ansl - ans2

return(ans)

### Function to calculate dot product of z_ij(x) for the averaging approach
linv.average.zz <- function(xi, xj, sigmap, sigmak, d, kmeth){
ansl <- (sigmak~d / (sigmak + 2*sigmap)”d ) *
exp(- (1/ (2+(sigmak + 2*sigmap)~2)) * sum((xi-xj)~2))
ans2 <- (sigmak"d / (sigmak + sigmap)~d ) *
exp(- (1/ (2x(sigmak + sigmap)~2)) * sum((xi-xj)~2 ))
ans3 <- linv.average.z(xj, xi, sigmap, sigmak, d)
ans <- ansl - ans2 - ans3

return(ans)

### Function to calculate z_ij(x) for the gradient approach
linv.diff.z <- function(x, xi, jcomp, sigma, kmeth){
mat <- as.matrix(rbind(x,xi))
kmatrix.value <- kernelMatrix(kmeth, mat) [1,2]
ans <- (1/(sigma~2)) * (as.vector(x)[jcomp] - as.vector(xi) [jcomp])
* kmatrix.value
ans <- as.numeric(ans)

return(ans)

### Function to calculate dot product of z_ij(x) for the gradient approach
linv.diff.zz <- function(xi, jcomp, xp, qcomp, sigma, kmeth){
mat <- as.matrix(rbind(xi,xp))
kmatrix.value <- kernelMatrix(kmeth, mat) [1,2]
if (jcomp!=qcomp){
ans <- (-1/sigma”4) * (xil[jcomp] - xpl[jcompl]) * (xil[qcomp] - xplqcompl) *
kmatrix.value
} else {
ans <- (1/sigma”4) * (sigma2 - (xi[jcomp] - xpl[jcompl)~2) *

kmatrix.value
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return(as.numeric(ans))

Estimation of parameters function

Arguments
dat

epsilon
rho2

class.var

sigma.k
sigma.p

all.instances
cost.rho2.0
verbose
scale.arg

inv.method

kernel .method

Function

svm.linvariances <- function(dat,

Training data.

€ value of the dual function.

p2 value of the dual function.

Character vector specifying the name of the variable that defines the class of
the observations.

o value of the Gaussian kernel (averaging or gradient approach).

o value of the Gaussian distribution (only for averaging-specific approach).
Logical indicating whether to include all observations in the local invariances
parts of the algorithm or only the unknown observations.

Cost value of the function when no local invariances are used (i.e., cost func-
tion of the classical SVM).

Logical indicating whether to print intermediate steps of the function.
Logical indicating whether to scale the variables.

“gradient” or “averaging” method to be applied.

Character specifying “linear” or “radial” for the respective kernels to be used

(only optimized for Gaussian).

epsilon=0.001, rho2=0.01, class.var="class",

sigma.k=0.12, sigma.p=0.1, all.instances=TRUE, cost.rho2.0=1,

verbose=FALSE, scale.arg=FALSE, inv.method="gradient",

kernel .method="1linear"){

# Dataset should only have class and predictor variables

nfeatures <- ncol(dat) - 1

+*

Define some parameters to be used

n.sup <- sum(!is.na(dat[,class.var]))

n.unsup <- sum(is.na(dat[,class.var]))

x.sup <- dat[!is.na(dat[,class.var]),]

x.supl[,class.var] <- NULL

x.unsup <- dat[is.na(dat[,class.var]),]

x.unsup[,class.var] <- NULL
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if(all.instances==TRUE | n.unsup==0){
n.unsup <- n.sup + n.unsup
x.unsup <- rbind(x.sup, x.unsup)

labelled.index <- 1l:n.sup

# Scale arguments
if (scale.arg){
xvars <- names(x.sup)
x.sup <- as.data.frame(apply(x.sup, 2, scale))
names (x.sup) <- xvars
x.unsup <- as.data.frame(apply(x.unsup, 2, scale))

names (x.unsup) <- xvars

ydata <- dat[!is.na(dat[,class.var]),class.var]
if (kernel.method=="radial") kmeth <- rbfdot(1/(2*sigma.k"2))

if (kernel .method=="linear") kmeth <- vanilladot()

kernmat <- kernelMatrix(kmeth, as.matrix(x.sup))

kernmat.unsup <- kernelMatrix(kmeth, as.matrix(x.unsup))

# Y matrix (labelled data)
Ymat <- sapply(ydata, function(x) x*ydata)

# Length of parameters
n.alphal <- 1:n.unsup
n.alpha <- (n.unsup + 1):(n.unsup *2)

n.beta <- ( (n.unsup*2)+1 ):( (n.unsup*2) + n.sup )

# B term
Bterm <- 1/2 * (kernmat*Ymat)

E <- -rep(1,n.sup)

if (rho2==0){
cc <- matrix(E)
HH <- Bterm
11 <- matrix(rep(0,n.sup))

uu <- matrix(rep(cost.rho2.0,n.sup))
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minfun <- function(x){
minvalue <- (x%*%HHY%*%x) + x%*%cc

minvalue

sol <- optim(rep(0.1,n.sup), minfun, lower=1l, upper=uu, method="L-BFGS-B",

control = list(maxit=2000))

# sol <- malschains(minfun, lower=11l, upper=uu)

} else {

if (inv.method=="average"){

# A term
pij <- matrix(NA, n.unsup, n.unsup)
for(i in 1:n.unsup){

for(j in i:n.unsup){

if (verbose) cat(pasteO(i,"---",j), sep="\n")

tmp <- linv.average.zz(x.unsup[i,], x.unsupl[j,], sigma.p, sigma.k, nfeatures)

pijli,jl <- tmp
pijlj,i] <- tmp

Al <= 1/2 * pij
A2 <- -1/2 * pij
A3 <- t(A2)

A4 <- 1/2 * pij

# C term
pij <- matrix(NA, n.unsup, n.sup)
for(i in 1:n.unsup){
for(j in 1:n.sup){
if (verbose) cat(pasteO(i,"---",j), sep="\n")

Appendix F. R code

pijli,j] <- 1linv.average.z(x.unsupl[i,], x.suplj,],

sigma.p, sigma.k, nfeatures) * ydatalj]
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Cl <- pij
C2 <- -pij
# Order 1 terms (D + E)
D1 <- rep(epsilon,n.unsup)
D2 <- rep(epsilon,n.unsup)
# Re-structured if needed
newhAl <- A1l
newA2 <- A2
newA3 <- A3
newhAd <- A4
newB <- Bterm
newCl <- C1
newC2 <- C2
11 <- rep(0, length(n.alphal)+length(n.alpha)+length(n.beta))
uu <- c(rep(rho2, length(n.alphal)+length(n.alpha)), rep(l, length(n.beta)))
input <- rep(0.1, length(n.alphal)+length(n.alpha)+length(n.beta))

}

if (inv.method=="gradient"){

n.alphal <- 1:(n.unsup*nfeatures)

n.alpha <- (length(n.alphal)+1):((n.unsup*nfeatures)+length(n.alphal))

n.beta <- (((n.unsup*nfeatures)+length(n.alphal))+1):
(((n.unsup*nfeatures)+length(n.alphal))+n.sup)

labelled.index <- (1:nrow(dat))[!is.na(dat[,class.var])]

# A term

zi <- cbind(sort(rep(l:nfeatures,n.unsup)),l: (n.unsup*nfeatures))
pij <- matrix(NA, n.unsup*nfeatures, n.unsup*nfeatures)

pijC <- matrix(NA, n.unsup*nfeatures, n.sup)

for(i in 1:nfeatures){

for(k in 1:n.unsup){
for(kk in 1:n.sup){
pijClzilzil[,1]1==1,2] [k],kk] <- linv.diff.z(x.suplkk,],x.unsuplk,],
i, sigma.k, kmeth)x*ydatal[kk]
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for(j in i:nfeatures){
pij.tmp <- matrix(NA, ncol = nrow(x.unsup), nrow=nrow(x.unsup))
if (i==3){
diag(pij.tmp) <- (1/sigma.k~2)

tmp.dat <- x.unsup

for(k in 1:(nrow(tmp.dat)-1)){
for(kk in (k+1):nrow(tmp.dat)){
pij.tmplk, kk] <- (1/sigma.k"4) *
(sigma.k"2 - (x.unsuplk,i] - x.unsuplkk,i])"2)
* kernmat .unsup [k,kk]
pij.tmplkk, k] <- pij.tmplk, kk]

}
pijl zilzil,1]==1i,2] , zilzi[,1]==j,2]1] <- pij.tmp

} else {
diag(pij.tmp) <- 0O
tmp.dat <- x.unsup
for(k in 1:(nrow(tmp.dat)-1)){
for(kk in (k+1):nrow(tmp.dat)){
pij.tmplk, kk] <- (-1/sigma.k"4) *
(x.unsuplk,i] - x.unsuplkk,i])
* (x.unsuplk,j] - x.unsuplkk,jl) *
kernmat .unsup [k, kk]
pij.tmplkk, k] <- pij.tmplk, kk]

}
pijl zilzil[,11==1,2] , zilzil,1]==j,2]] <- pij.tmp
pijl zilzil[,1]==j,2] , zilzil,1]==1,2]] <- pij.tmp
}
if (verbose) cat(pasteO("A code, i: ",i," j: ",j),sep="\n")

A1 <- 1/2 * pij
A2 <= -1/2 * pij
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A3 <- t(A2)
A4 <- 1/2 * pij

# C term
Cl <- pijC
C2 <- -pijC

# Order 1 terms (D + E)
D1 <- rep(epsilon,n.unsup*nfeatures)

D2 <- rep(epsilon,n.unsup*nfeatures)

# Re-structured if needed

newAl <- A1l
newA2 <- A2
newA3 <- A3
newA4 <- A4

newB <- Bterm
newCl <- C1
newC2 <- C2

11 <- rep(0, length(n.alphal)+length(n.alpha)+length(n.beta))
uu <- c(rep(rho2, length(n.alphal)+length(n.alpha)), rep(l, length(n.beta)))
input <- rep(min(c(rho2/2,0.5)), length(n.alphal)+length(n.alpha)+length(n.beta))

## Define minimization function

minfun <- function(x){
al <- x[n.alphall’*%newA1%*%x[n.alphai]
a2 <- x[n.alphall%*newA2%*%x[n.alphal
a3 <- x[n.alphal’*%newA3%*%x[n.alphall
a4 <- x[n.alphal’*%newAd’*%x[n.alphal
b <- x[n.betal’*¥%newBY%*%x[n.betal

cl <- x[n.alphall¥*¥%newC1%*%x[n.betal
c2 <- x[n.alphal%*%newC2%*%x[n.betal

dl <- sum(x[n.alphal]*epsilon)
d2 <- sum(x[n.alpha]*epsilon)
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d3 <- -sum(x[n.betal)
ans <- al + a2 + a3 + a4 + b +cl +c2 +dl + d2 + d3
ans <- as.numeric(ans)

220 return(ans)

## Gradient function of optimization problem (to make optimization faster)
grr <- function(x){
225 al.deriv <- newAl%+Yx[n.alphal] + t(newAl)%x%x[n.alphal]l + newA2)x*%x[n.alphal
+ t(x[n.alphal%*%newA3) + newClY*%x[n.betal + epsilon
a.deriv <- t(x[n.alphall]%*%newA2) + newA3%*Yx[n.alphal]l + newA4’*%x[n.alpha]
+ t(newA4)*%x[n.alphal + newC2)*%x[n.beta]l] + epsilon
beta.deriv <- newB*%x[n.betal + t(newB)%*%x[n.beta] + t(x[n.alphall’*¥%newC1)
230 + t(x[n.alphal%*%newC2) -1
ans <- c(al.deriv, a.deriv, beta.deriv)

return(ans)

235
if (verbose) cat("Starting optim function",sep="\n")
sol <- optim(input , minfun, grr, lower=11l, upper=uu,
method="L-BFGS-B", control = list(maxit=2000))
if (verbose) cat("End optim function",sep="\n")

240

# b parameter estimation
### Estimate bias
245 if (rho2==0) n.beta <- 1:length(sol$par)

fx <- function(x){

kernmat <- as.matrix(kernelMatrix(kmeth, as.matrix(x.sup)))[,x]

250 f1 <- sum((kernmat*ydata)*sol$par[n.betal)

newdata <- as.data.frame(x.supl[x,])
n.unsup <- nrow(x.unsup)
255 f2 <- NULL

z <- sort(rep(l:nfeatures,n.unsup))
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zobs <- rep(l:n.unsup,nfeatures)

if (inv.method=="gradient"){
260 for(iii in 1:(n.unsup*nfeatures)){
comp <- z[iii]
ni <- zobs[iiil
f2[iii] <- linv.diff.z(x.supl[x,], as.vector(x.unsup[ni,]),
comp,sigma.k, kmeth)
265 }
}
if (inv.method=="average"){
for(iii in 1:n.unsup){
f2[iii] <- linv.average.z(as.vector(x.unsup[iii,]),

270 x.suplx,],sigma.p,sigma.k,nfeatures,kmeth)

f2p1 <- £2%xYsol$par[n.alphail
275 £2p2 <- £2Y*¥%sol$par[n.alphal
f2p3 <- £2%*% (sol$par[n.alphall-sol$par[n.alphal)

ans <- ydatal[x] - (as.numeric(f1) + as.numeric(f2p3))

280

return(ans)

bias <- sapply(l:nrow(x.sup),function(yy) fx(yy))

285 bias <- mean(bias)

ans <- list(sol=sol, x.unsup = x.unsup, X.sup = x.sup, dat = dat,

11 = 11, uu = uu, sigma.k = sigma.k, sigma.p=sigma.p,

Ymat Ymat, nfeatures = nfeatures, ydata = ydata,

290 bias = bias, n.alphal= n.alphal, n.alpha = n.alpha,
kmeth=kmeth, n.beta=n.beta, par.alphal = sol$par[n.alphal],
par.alpha = sol$par[n.alphal,par.beta = sol$par[n.betal,

inv.method = inv.method, rho2=rho2)

295 return(ans)
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Decision function

Arguments

X Numeric vector with the observation to predict.

out.object Object with the information provided by the function svm.linvariances
bias.arg Logical indicating whether to add the bias in the decision value.

ff.svm.linvariances <- function(x, out.object, bias.arg = TRUE){

inv.method <- out.object$inv.method
rho2 <- out.object$rho?2
if (inv.method=="average"){
parameters <- out.object$sol$par
sigma.k <- out.object$sigma.k
sigma.p <- out.object$sigma.p
kmeth <- out.object$kmeth
X.sup <- out.object$x.sup
mat <- as.matrix(rbind(x.sup, x))
dat <- out.object$dat
Ymat <- out.object$¥Ymat
ndata <- nrow(dat)
ydata <- out.object$ydata
nfeatures <- out.object$nfeatures
bias <- out.object$bias
n.alphal <- out.object$n.alphal
n.alpha <- out.object$n.alpha
n.beta <- out.object$n.beta
n.param <- length(parameters)
n.sup <- nrow(x.sup)
kernmat <- kernelMatrix(kmeth, mat)

nkernmat <- nrow(kernmat)

if (rho2>0){
f1 <- sum((kernmat [nkernmat,-nkernmat]*ydata)*parameters|[n.betal)
x.unsup <- out.object$x.unsup
newdata <- as.data.frame(x)
n.unsup <- nrow(x.unsup)

£f2 <- NA
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for(j in 1:n.unsup){

f2[j] <- linv.average.z(x.unsuplj,],x, sigma.p, sigma.k, nfeatures)

f2p1 <- f£2YxYparameters[n.alphal]
£2p2 <- f2Yx*Yparameters[n.alpha]
f2p3 <- f2)*Y,(parameters[n.alphal]-parameters[n.alphal)

ans <- as.numeric(fl) + as.numeric(f2p3) + bias
} else {

f1 <- sum((kernmat [nkernmat,-nkernmat]*ydata)*parameters)

ans <- as.numeric(fl) + bias

if (inv.method=="gradient"){

parameters <- out.object$sol$par
sigma.k <- out.object$sigma.k
sigma.p <- out.object$sigma.p
kmeth <- out.object$kmeth

x.sup <- out.object$x.sup

mat <- as.matrix(rbind(x.sup, x))
dat <- out.object$dat

Ymat <- out.object$Ymat

ndata <- nrow(dat)

ydata <- out.object$ydata
nfeatures <- out.object$nfeatures
bias <- out.object$bias

n.alphal <- out.object$n.alphal
n.alpha <- out.object$n.alpha
n.beta <- out.object$n.beta
n.param <- length(parameters)
n.sup <- nrow(x.sup)

kernmat <- kernelMatrix(kmeth, mat)

nkernmat <- nrow(kernmat)

if (rho2>0){

f1 <- sum((kernmat [nkernmat,-nkernmat]*ydata)*parameters[n.betal)

x.unsup <- out.object$x.unsup
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¥

newdata <- as.data.frame(x)
n.unsup <- nrow(x.unsup)

f2 <- NULL

z <- sort(rep(l:nfeatures,n.unsup))

zobs <- rep(l:n.unsup,nfeatures)

for(i in 1:(n.unsup*nfeatures))q{
comp <- z[i]
ni <- zobs[i]

f2[i] <- linv.diff.z(x, as.vector(x.unsup[ni,]),comp,sigma.k, kmeth)

f2p1 <- £2%xYparameters[n.alphal]
f2p2 <- f2Y«Yparameters[n.alphal
£2p3 <- £2Y+Y (parameters[n.alphal]-parameters[n.alphal)

ans <- as.numeric(fl) + as.numeric(f2p3) + bias
else {
f1 <- sum((kernmat [nkernmat,-nkernmat]*ydata)*parameters)

ans <- as.numeric(f1l) + Dbias

return(ans)

F.4 Weighted support vector machines

The code shown is the R code to estimate the parameters of the expression shown in equation

(6.19) and the function to predict the class given a new observation of equation (6.20)

Estimation of parameters function

Arguments

dat Training data.

class.var Character vector specifying the name of the variable that defines the class of
the observations.

C Cost parameter.

weights Weight vector for the observations.
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sigma Sigma parameter of the Gaussian Kernel when specified in the kernel .method
argument.

verbose Depreciated.

scale.arg Logical indicating whether to scale variables.

kernel.method Character specifying “linear” or “radial” for the respective kernels to be used.

Function

svm.weighted <- function(dat, class.var="class", C=0.01, weights=1,
sigma=0.12, verbose=FALSE,
scale.arg=FALSE, kernel.method="linear"){

nfeatures <- ncol(dat) - 1

# Define some parameters to be used
n.sup <- sum(!is.na(dat[,class.var]))
x.sup <- dat[!is.na(dat[,class.var]),]

x.sup[,class.var] <- NULL

# Scale arguments
if (scale.arg){
xvars <- names(x.sup)
x.sup <- as.data.frame(apply(x.sup, 2, scale))

names (x.sup) <- xvars

ydata <- dat[!is.na(dat[,class.var]),class.var]
ydata <- as.numeric(as.character(ydata))
if (kernel.method=="radial") kmeth <- rbfdot(sigma)

if (kernel .method=="1inear") kmeth <- vanilladot()

kernmat <- kernelMatrix(kmeth, as.matrix(x.sup))

# Y matrix (labelled data)
Ymat <- sapply(ydata, function(x) xxydata)

# Length of parameters
n.alpha <- 1l:nrow(dat)

# B term
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Bterm <- 1/2 * (kernmat*Ymat)

E <- -rep(1,n.sup)

cc <- matrix(E)
HH <- Bterm

11 <- matrix(rep(0,n.sup))

if (length(weights)==1) uu <- matrix(rep(C,n.sup))
if (length(weights) !=1) uu <- matrix(C*weights)

minfun <- function(x){
minvalue <- as.numeric(t(x)%*}HH)*%x + t(cc)%*hx)

minvalue

eqn <- function(x){
h <- as.numeric(ydatal*}x)

return(h)

sol <- solnp(uu/2, minfun, eqfun = eqn, eqB =0, LB = 11, UB= uu,
control = list(trace=verbose))

sol$par <- sol$pars

fx <- function(x){
labelled.sol <- sol$par
tmp <- as.matrix(kernelMatrix(kmeth, as.matrix(x.sup)))
value <- sum(as.matrix(tmpl[,x])*ydata*labelled.sol)
bias.ans <- ydatalx] - value

return(bias.ans)

bias <- sapply(l:nrow(x.sup),function(yy) fx(yy))

bias <- mean(bias)

ans <- list(sol=sol, x.sup = x.sup, dat = dat, 11 11, uu = uu,

sigma = sigma, Ymat = Ymat, nfeatures

ydata = ydata, bias = bias,n.alpha = n.alpha, kmeth=kmeth,

par.alpha = sol$par)

return(ans)

Appendix F. R code

nfeatures, ydata=ydata,
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Decision function

Arguments

X Numeric vector with the observation to predict.

out.object Object with the information provided by the function svm.weighted
bias.arg Logical indicating whether to add the bias in the decision value.
Function

ff.svm.weighted <- function(x, out.object, bias.arg = TRUE){

parameters <- out.object$sol$par

kmeth <- out.object$kmeth

X.sup <- out.object$x.sup

mat <- as.matrix(rbind(x.sup, x))

ydata <- out.object$ydata

bias <- out.object$bias

kernmat <- kernelMatrix(kmeth, as.matrix(mat))
nkernmat <- nrow(kernmat)

bias <- out.object$bias

f1 <- sum((kernmat [nkernmat,-nkernmat]*ydata)*parameters)

if(bias.arg) ans <- as.numeric(fl) + bias

if ('bias.arg) ans <- as.numeric(f1l)

return(ans)
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