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Rudnicki W, Koronacki J, Ginalski K, Komorowski J. A Monte Carlo
approach to modeling post-translational modification sites using local
physicochemical properties. Manuscript

∗ Authors contributed equally.

Reprints were made with permission from the publishers.



List of Additional Papers

I Rudnicki WR, Kierczak M, Koronacki J, Komorowski J. A statisti-

cal method for determining importance of variables in an information

system. Lecture Notes in Computer Science: Rough Sets and Current

Trends in Computing 2006; 4259: 557-566.
II Kierczak M, Rudnicki WR, Komorowski JH. Construction of rough

set-based classifiers for predicting HIV resistance to nucleoside reverse
transcriptase inhibitors. Studies in Fuzziness and Soft Computing:
Granular Computing: At the Junction of Rough Sets and Fuzzy Sets
2008; 224: 249-258.



Contents

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2 Aims . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

3 Biology Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3.1 The flow of genetic information . . . . . . . . . . . . . . . . . . . . . . . . 15

3.2 Viruses . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3.3 Human immunodeficiency virus and AIDS . . . . . . . . . . . . . . . 18

3.4 HIV-1 reverse transcriptase and reverse transcription . . . . . . . . 23

3.5 Anti-HIV drugs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.5.1 Reverse transcriptase inhibitors . . . . . . . . . . . . . . . . . . . . 26

3.5.2 Other inhibitors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.5.3 Resistance to drugs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.6 Post-translational modifications of proteins . . . . . . . . . . . . . . . 30

4 Computational Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.1 From data to model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.2 Feature extraction and feature selection . . . . . . . . . . . . . . . . . . 35

4.3 Looking for patterns . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4.4 Model validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4.5 Interpreting the model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.6 Towards generality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

5 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

5.1 Representing sequences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

5.2 Rough sets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

5.2.1 Indiscernibility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

5.2.2 Rough approximation of a set . . . . . . . . . . . . . . . . . . . . . . 47

5.2.3 Reducts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.2.4 Rules . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

5.2.5 Rule shortening and generalization . . . . . . . . . . . . . . . . . . 53

5.3 Tree-based methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.3.1 Decision trees . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.3.2 Combining classifiers - bagging . . . . . . . . . . . . . . . . . . . . 60

5.3.3 Random forests . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.3.4 Monte Carlo feature selection and interdependency dis-
covery . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

6 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

6.1 Paper I – rough set-based model of HIV-1 resistome . . . . . . . . 67

6.2 Paper II – towards understanding feature interdependencies . . . 68



6.3 Paper III – molecular interaction networks underlying HIV-1

resistance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
6.4 Paper IV – towards predicting post-translational modifications . 69
6.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

6.6 Future research . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
7 Sammanfattning på Svenska . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

8 Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
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AIDS acquired immune deficiency syndrome
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DNA deoxyribonucleic acid
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dNTP deoxyribonucleotide triphosphate

env envelope proteins

FN false negative

FP false positive
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RT reverse transcriptase

SIV simian immune deficiency virus
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TPR true positive rate

tRNA transporter RNA

U3 3’ unique sequence

vDNA viral DNA
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1. Introduction

Frustra fit per plura quod potest fieri per pauciora.1

William of Ockham

A complex interplay of numerous molecules and processes constantly takes
place in a living organism. The processes that underly life are multi-layered:
from nano-scale events through molecules, molecular networks, cells and or-
gans up to inter-organismal and organism-environment interactions. Biology
describes and attempts at understanding life at all these levels. Initially ob-
servation was the main tool and classification was the main task of a natu-
ralist. Over many years biology underwent significant transformations. Quite
recently these changes accelerated in response to the invention of new tech-
nologies such as microarray technology or next-generation sequencing. These
new technologies allow us to perform high-throughput experiments that sup-
ply the scientific community with large amounts of experimental data. The
data sets are large not only in terms of the number of observations, but also
in terms of the number of recorded features. One of the aims of machine
learning-based modeling is to explain a given phenomenon in possibly the
simplest way, hence the need for selection of suitable features.

Another aim of modeling is to build models that are not only accurate,

but also easy-to-interpret by a domain expert. Such models are especially

desirable in modeling the broad range of biological problems where subtle

mutation- or modification-induced changes in physicochemical properties af-

fect, sometimes substantially, protein function. This class of problems encom-

passes phenomena like: modeling drug resistance or post-translational mod-

ifications, protein design and engineering or understanding the role of poly-

morphisms and mutations in health and disease.

We extended a Monte Carlo-based approach to selecting statistically sig-
nificant features and to make possible the discovery and analysis of feature
interdependencies. We used it in modeling sequence-function relationships in
proteins. It is often a non-linear interplay of many physicochemical changes
rather than singular mutations that leads to a shift of protein function. Our
models easily deal with such complex networks and with non-linearity. The

1It is vain to do using many [things] what can be done using less [things]. Occam’s formulation

of his razor principle.
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presented approach begins with representing every amino acid in a protein

sequence in terms of its physicochemical properties. This is followed by the

selection of those molecular features that significantly contribute to the shift

of function. At this stage the method allows for the discovery of interdepen-

dencies between significant features. Application of a machine-learning tech-

nique of choice finalizes the modeling part as it yields a legible and predictive

model that can be interpreted and analyzed further.
The approach was applied to model two important biological phenomena:

1) HIV-1 resistance to reverse transcriptase inhibitors and 2) predicting post-

translational modifications in proteins. The results are presented in this thesis.
Since the thesis is addressed to researchers representing such different dis-

ciplines as biology, medicine and computer science, first I will introduce the

reader with a different background to the concepts that are essential for under-

standing the presented work.
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2. Aims

• To develop a general method for the study of sequence-function relation-
ship in proteins and to apply this method to model and increase the under-
standing of protein-variability space, especially in relation to the performed
function.

• To apply the developed method to the HIV-1 resistance problem and build
an easy-to-interpret model of viral enzyme, reverse transcriptase resistome.

• To perform an in-depth analysis of the resistome by studying the obtained
model and to propose the possible molecular mechanisms of mutation-
induced resistance.

• To construct a predictive model allowing for the identification of potential
post-translational modification sites solely on the basis of protein sequence.

• To identify the physicochemical properties that determine whether a given
sequence fragment will possibly be subjected to a given post-translational
modification or not.

13





3. Biology Background

In this chapter I give a brief introduction necessary to understand the biolmed-
ical aspects of the work. I begin with the central dogma of molecular biology
and the structure of nucleic acids, move to the biology of viruses, especially
of HIV, briefly talk about AIDS and continue to proteins and the role of post-
translational modifications in altering their function. It is an interdisciplinary
thesis. The reader with background in biology may proceed directly to Chap-
ter 4 while the reader familiar with computational issues will find biology
background in this chapter.

3.1 The flow of genetic information

Organisms are born, they live, reproduce and eventually die. The constant flow
of information from an organism to its offspring assures the continuity of life.
The full set of instructions necessary to build an organism capable of repro-
ducing itself is stored in the form of nucleic acids: long chemical polymers

that can be seen as sequences of four letters. There are two major types of

nucleic acids: DNA and RNA. Usually the genetic information is stored in

DNA which provides a high degree of protection and can be compared to a

hard disk. Whenever a piece of information is required, it is transcribed into
messenger RNA which serves as a kind of temporary storage, quick-access
memory. This messenger RNA can be, in turn, translated into a sequence
of amino acids. Twenty different amino acids are the basic building-blocks

of proteins. Proteins build cells and perform many important functions from

copying DNA to interacting with the outside world. The flow of information

from DNA to RNA and to proteins is the central dogma of molecular biology.
DNA consists of two strands, long polymers composed of simple building

blocks called nucleotides (see Figure 3.1). A DNA-building nucleotide is com-

posed of a nucleotide base, a sugar deoxiribose and three phosphate groups. A

nucleotide base together with the deoxiribose part of a nucleotide form a nu-
cleoside (see Figure 3.1). The backbone of each DNA strand is composed of
sugars and phosphate groups joined by phosphodiester bonds (see Figure 3.2).
These two strands are anti-parallel (i.e. they run in opposite directions to each
other). A nucleotide base, adenine (A), cytosine (C), guanine (G) or thymine
(T) is attached to each sugar in the backbone and it is these bases that actu-
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ally encode genetic information. The two antiparallel strands form the famous

double-helix. RNA is a similar polymer, usually consisting of only one strand

and containing uracil (U) instead of thymine and sugar ribose instead of de-

oxyribose.

Figure 3.1: The structure elements of nucleosides and nucleotides. Adapted from [2].

Figure 3.2: A phosphodiester bond (inside the circle) between two nucleotides:

thymine (3’) and adenine (5’).

Proteins are large molecules formed by chains of amino acids. These chains
fold into characteristic three-dimensional shapes. The vast majority of organ-
isms use the same set of 20 amino acids to construct their proteins. Different
combinations of these 20 basic building-blocks create an enormous variabil-
ity in the shape and function of proteins. The exact amino acid sequence de-
termines the shape and the shape determines the function of a protein. The
information about the sequence of amino acids in a protein is stored in the
specific part of DNA called a gene. Accordingly to the central dogma, each
gene can be transcribed into mRNA that serves as a template for protein pro-
duction. It may happen that information stored in DNA is altered: one or more
of the bases can change, be deleted or inserted. This results in the change of an
amino acid chain and is called a mutation. Not all mutations influence protein

function but many do. Sometimes the change of one amino acid to another is

sufficient to completely disrupt protein function. Often, however, the effect of

a single mutation is subtle or silent and it is rather the complex interplay of

16



many mutations that leads to the change of protein function. Not all mutations

are bad, some allow proteins to better function in a changing environment.

From the point of view of a virus, mutations that lead to drug resistance are

beneficial as they increase viral fitness (i.e., chance of surviving under the drug

pressure).
Apart from mutations, protein function can be altered in yet another way: by

post-translational modifications (PTMs). These are permanent or temporary
chemical modifications of the amino acids that build the protein. PTMs are
very important in regulating actions performed by proteins. For instance, it is
often the case that the addition of a phosphate group to the amino acid serine
triggers on or off the entire protein. Post-translational modifications will be
discussed in more detail at the end of this chapter.

3.2 Viruses

In 1889 Martin Beijernick identified an infectious particle that was causing
mosaic disease in tobacco. The particle transpired to be much smaller than
any type of bacteria and this led the researcher to the discovery of a new type
of organism that he named a virus. Viruses are very simple: in fact, they are

one of the simplest organisms found in nature. When outside the host cell,

they display no signs of life, being basically nothing more than a piece of ge-

netic information enclosed by a protein capsid. However, once a virus enters

its host cell, it releases the genetic content, hijacks the native cellular machin-

ery and harnesses it to produce new copies of itself. The process of producing

new viral particles is called viral replication. More than 5000 different viruses
have been described by now and it is commonly accepted that many still re-
main undiscovered [20]. They infect all types of living organisms: from plants
to animals and from bacteria to archea. Viruses are also very abundant and can
be found in nearly every ecosystem on Earth. Not all animal and plant viruses
cause harmful diseases but the many of them do. Viral replication makes in-
tensive use of cellular resources and newly-produced particles damage the cell
while leaving it. This leads to various pathologies and eventually causes cell
death [20, 69].

When it comes to the diversity of genetic cycles, the world of viruses is
remarkably rich. A viral genome is characterized by the type of nucleic acid,
the shape, the strandedness and the sense. These properties vary from virus to
virus and create many different configurations. Retroviruses, one of the fam-
ilies of viruses, store their genetic information in the form of RNA and use
a viral enzyme, the reverse transcriptase, to transcribe this RNA into viral
DNA (vDNA). This is an exception from the central dogma of molecular biol-
ogy. The vDNA can be incorporated into the host-cell genome and expressed
to produce new viral particles. The spectrum of retrovirus-caused diseases
is wide and includes tumors, chronic infections (e.g., arthritis), myelopathies
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and immune deficiency syndromes. Below I discuss a particular member of

this family, the HIV-1 virus which causes AIDS, a severe immune deficiency

syndrome.

3.3 Human immunodeficiency virus and AIDS

Human immunodeficiency virus (HIV) is a member of the Retroviridae
family, Orthoretrovirinae subfamily, genus Lentivirinae. It is the causative
agent of acquired immune deficiency syndrome (AIDS). The virus primarily
infects various cells of the human immune system such as T-helper cells,
macrophages and dendritic cells. The population of the CD4+T-helper cells
is particularly affected.

Typically an acute HIV-1 infection is manifested in the form of a transient
symptomatic illness associated with high levels of viral replication (see Fig-
ure 3.3). A rather expensive virus-specific immune response usually causes
flu-like symptoms including fever, maculopapular rash, weight loss, arthral-
gia, lymphadenopathy, pharyngitis, myalgia, malaise, oral ulcers and aseptic
meningitis. The symptomatic phase lasts approximately from one week to 10
days. Due to the non-specific symptoms, AIDS is difficult to diagnose at this
early stage of infection [57, 74].

After the disappearance of the symptomatic phase, the disease progresses

while at the same time reducing the effectiveness of the immune

response. This, in turn, facilitates the invasion and growth of various

pathogens and leads to opportunistic infections. Also the probability

of developing tumors increases dramatically. Common opportunistic

diseases affecting HIV-positive patients include pulmonary infections

(pneumocystis pneumonia, tuberculosis), gastrointestinal infections

(esophagitis, candidiasis, diarrhea), neurological and psychiatric conditions

(toxoplasmosis, progressive multifocal leukoencephalopathy, AIDS dementia

complex, bipolar disorder, manias). The most common tumors result from

co-infection with an oncogenic DNA virus such as Epstein-Barr virus,

Kaposi’s sarcoma-associated herpesvirus or human papilloma virus [57].

While in the areas where anti-viral therapies are in use, the incidence of many

AIDS-related conditions has decreased, malignant cancers have become the

most common cause of death overall [18].

HIV transmission occurs via the direct contact of a virus-containing bodily
fluid with a mucous membrane or the bloodstream. HIV particles are present
in blood, semen, vaginal fluid, pre-seminal fluid and breast milk. Infection
occurs primarily via anal, vaginal or oral sex, blood transfusion, contaminated
needles, mother-foetus transmission, perinatal transmission and breastfeeding
[57].

As it is the case in the majority of syndromes, pathophysiology of AIDS is

complex. It is, however, the depletion of CD4+T-helper lymphocytes that is
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primarily responsible for the development of AIDS [79]. During the state of

immune activation, the CD4+ T-cells are more susceptible to apoptosis and
this seems to be the main factor leading to their depletion. In the first few
weeks post-infection, during the so-called acute phase, HIV replicates inten-
sively in the CD4+ cells [55]. The sub-population of the CCR5 co-receptor-
expressing CD4+ lymphocytes is affected first. The CCR5-expressing cells

are located mainly in the intestinal mucosa and other mucous membranes

while only a small fraction of bloodstream CD4+ cells express the co-receptor

[22, 21]. At this stage of infection, viral replication meets a vigorous immune

response which is manifested in flu-like symptoms (see Figure 3.3). Even-

tually the immune system begins to control the viral population, symptoms

disappear and the clinically-latent phase begins. At this stage, the popula-

tion of CD4+ cells is significantly depleted but still sufficient to combat life-

threatening invaders [57, 74].
Constant HIV-replication triggers on the generalized immune activation that

persists throughout the latent phase. Several viral proteins that are produced

induce the release of pro-inflammatory cytokines and other particles that pro-

mote and sustain the immune activation. In addition to this, the depletion of

mucosal CD4+ lymphocytes results in the breakdown of the immune surveil-
lance system in the mucosal barrier. This facilitates the invasion of various mi-
crobes that constitute the normal flora of the gut leading to the first opportunis-
tic infections [21]. The thymus continuously produces new T-cells replacing
the lost ones, but these newly produced lymphocytes are quickly infected by
HIV particles. Gradually the thymocytes also become infected which results
in the production of the already-infected lymphocytes. The immune response
breaks down and the organism is no longer able to cope with the invaders [8].
Figure 3.3 presents the relationship between the number of viral particles and
the CD4+T-cells -level during an untreated HIV infection.
The origin of the virus has been the subject of debate for a long time. Vi-
ral archeology sheds light on the beginnings of the HIV pandemic. Although
the first cases of AIDS were reported in 1981, the virus must have existed
long beforehand. Currently, it is commonly accepted that sometime between
1902 and 1921 the simian immunodeficiency virus (SIV) acquired mutations
that allowed it to infect humans [61]. It was probably through exposure to
the blood of chimpanzees butchered for meat that the first humans became
infected. Studies summarized by Sharp and Hahn [109] suggest that the pan-
demic started in Léopoldville (now Kinshasa), Democratic Republic of the
Congo and findings reported by Worobey et al. [123] support this suggestion.

Despite numerous efforts undertaken by the scientific community, the HIV
pandemic still remains a serious problem that affects both the developed and
the developing countries. Worldwide, about 7,000 new infections are reported
every day and it is estimated that more than 33.2 million people are infected
with HIV-1. In some regions a strong gender-bias can be observed among the
infected individuals [116]. For instance, in sub-Saharan Africa 61% of the
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Figure 3.3: A graph showing the relationship between the number of HIV copies and

the CD4+T-cell count during the course of an untreated infection. Also, the stages of

clinical symptoms are presented. Adapted from [2], modified after [57].

people living with HIV are women. Sexual contact remains the main route of
infection and in the aforementioned sub-Saharan Africa every fourth woman
is infected by the age of 22 [49, 116].

The human immunodeficiency virus particle is roughly spherical, with a
diameter of about 120 nm. The virus is composed of two copies of positive
(+), single-stranded RNA enclosed by a conical capsid. The RNA is bound
to p6/p7 protein complexes and contains viral genes that encode 19 viral pro-
teins [57]. Apart from the viral RNA, the capsid contains viral proteins (see
Figure 3.5): reverse transcriptase (RT), protease, ribonuclease and integrase.
The capsid built primarily of p24 core proteins is surrounded by a matrix com-
posed of p17 proteins. The matrix is, in turn, protected by the viral envelope
composed of two layers of phospholipids. The envelope is in fact a part of
the cellular membrane taken from the host cell while budding off. About 70
copies of viral Env complexes embedded in the envelope protrude through the
surface. Each Env complex is a tetramer that consists of an external glycopro-
tein gp120 trimer and a trans-membrane glycoprotein gp41 monomer. Both
glycoproteins play a crucial role in attaching and fusing the virus with the
host cell.

The organization of the HIV-1 genome (Figure 3.4) which is nearly 10kB

is similar to that of other members of the Lentivirinae genus. The three main
genes gag, pol and env encode the main structural and enzymatic proteins.

Apart from these, there are an additional six open reading frames between

the pol and env genes: tat, rev, nef, vif, vpr and vpu. The two Tat proteins

are transcriptonal transactivators for the LTR promoter, the Rev protein is in-
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Figure 3.4: The organization of the HIV-1 HXB2 genome (simplified). Open read-

ing frames shown as rectangles. There are three different reading frames available

for transcription: F1, F2 and F3. Long Terminal Repeats shown on the sides (grey).

Compiled from [57, 93].

volved in shuttling the RNA from the nucleus and the cytoplasm, the Nef

protein downregulates the major viral receptor CD4 as well as MHC class I

and II molecules. The Vif protein inhibits the APOBEC3G cellular deaminase

of DNA-RNA hybrids, which has implications for the emergence of mutants.

The Vpr protein arrests cell division at the G2/M phase and the Vpu pro-
tein influences the process of budding off from the host cell [57, 93]. Apart
from these functions, the viral genome contains also the Psi element that is in-
volved in packing the viral genome. The whole genome is flanked by two LTR
elements that contain switches that control production of new viral particles.
These switches are triggered by both the viral and the cellular proteins. The
LTR elements also protect viral DNA integrated into the host genome [57, 93].

The HIV life-cycle begins with the adsorption of viral receptors (Env com-
plexes) to the surface of the host cell such as a T-cell or macrophage. This
is followed by the fusion of the membranes and the entry of the viral cap-
sid into the cell. Inside the host cell, viral enzymes and single-stranded RNA
are released from the capsid. During the microtubule-based transport to the
nucleus, the RT enzyme transcribes single-stranded viral RNA into a double-
stranded viral DNA. In the nucleus the vDNA is incorporated into the host
chromosome with the help of another viral enzyme, HIV integrase. Once inte-
grated, the virus may remain dormant for several years; this is so-called latent
stage of infection. It is not yet fully understood what triggers the activation of
the dormant virus. Shortly after the activation, the integrated vDNA is tran-
scribed into mRNA with the help of native cellular machinery. This mRNA is
subsequently spliced and both the viral proteins and the mRNA copies of the
whole viral genome are produced. This single-stranded viral RNA binds to a
certain viral proteins and is packaged into new capsids. The capsids undergo
maturation, then are packaged into the envelope and bud off from the host
cell carrying off a small part of its cellular membrane. The newly produced
viruses are fully functional and capable of infecting new host cells. Thus, the
HIV life-cycle is completed [57, 74, 68].
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Figure 3.5: Life-cycle and structure of the HIV. Adapted from [2], modified after [57].

Two major types of the virus have been recognized: HIV-1 and HIV-2. The

former is more virulent, easier to transmit and responsible for the majority

(>80%) of HIV infections globally [26]. The less virulent and less trans-
mittable HIV-2 is present mainly in West Africa [57, 61, 74, 26]. It is re-
sponsible for a minority of infections and will not be discussed in this thesis.
Three major groups of HIV-1, termed M, N and O, have been recognized [61].
Each of them was independently derived from simian immunodeficiency virus
(SIV) which is endemic in chimpanzee (Pan troglodytes) populations inhabit-

ing west Central Africa. While groups N and O are relatively rare, the M group

is responsible for about 95% of HIV-1 infections globally [109]. Group M can

be further divided into subtypes A, B, C, D, F, G, H, J and K. Simultaneous

infections with more than one subtype leads to the emergence of hybrids, the

so-called “circulating recombinant forms”. Throughout the papers included in

this thesis we discuss mainly the subtype B virus that is the most common one

in Europe and North America [119, 57, 109]. The wild-type strain HXB2 that

we use as a reference also belongs to this subtype.
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3.4 HIV-1 reverse transcriptase and reverse
transcription

The transcription of viral RNA to vDNA is crucial for viral replication. The

process is called reverse transcription and is mediated by the viral enzyme
RT that catalyzes both the RNA-dependent and the DNA-dependent DNA
polymerization. In simple words, RT “reads” the viral mRNA template and
synthesizes a complementary strand of vDNA by adding one by one the ap-
propriate nucleotides. Once the first strand of vDNA is ready, RT synthesizes
the complementary strand to form a proper vDNA double-helix.
The HIV genome consists of two molecules of positive sense single stranded
RNA with a 5’ cap and 3’ polyadenylated tail. During transport to the nucleus,
still in the cytoplasm, the vRNA is reverse transcribed into vDNA. The process
is illustrated in Figure 3.6 and involves the following main steps [62, 84, 11,
81, 42]:

1. A specific cellular tRNA acts as a primer and hybridizes to a complemen-

tary part of the virus genome called the primer binding site (PBS). The

tRNA provides a 3’ hydroxyl group that is necessary to initiate transcrip-

tion. Reverse transcription takes place in the 3′ → 5′ direction.
2. While the strand of DNA complementary (cDNA) to the vRNA U5 and R

region is being synthesized by RT, an RNAseH domain of the enzyme de-
grades the 5’ end of the vRNA. Both the U5 and the R region are removed.
The U5 is a 5’ unique sequence, the recognition site for viral integrase. The
R region is a direct repeat found at both ends of the vRNA molecule.

3. Once the synthesis of the 3’ end of the complementary DNA is finished, the

primer is translocated to the 3’ end of the vRNA where the newly synthe-

sized DNA strand hybridizes to the complementary R region of the vRNA.
4. The first strand of cDNA is extended further and vRNA (except PP site) is

subsequently degraded by RNAse H.
5. Once the strand is completed, second strand synthesis is initiated from a

new primer, the PP fragment of the viral RNA. The tRNA makes it possible

to synthesize the complementary PBS site and is degraded by RNAse H.

6. After another translocation both the DNA strands hybridize at their PBS
sites.

7. Both strands are completed by the DNA-dependent DNA polymerase

DNAP activity of the RT and are now ready to be incorporated into the

host’s genome by the enzyme integrase.

The RT enzyme of HIV-1 is a heterodimer consisting of two subunits: p51
(51 kD) and p66 (66 kD). The p51 subunit consists of 440 amino acids and
is a product of a proteolytic cleavage of the p66 subunit. The latter consists
of 560 amino acids and shares 440 of them with p51. Despite the sequence
similarities, these two subunits differ substantially in the performed functions.
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Figure 3.6: Reverse transcription. A simplified schematic representation of the reverse

transcription process is shown. U3 – 3’ unique sequence; PBS – primer binding site

is a site complementary to the incoming tRNA; PP – polypurine section serves as the

initiation of the second strand synthesis; R – R region, a direct repeat region; gag, pol

and env – HIV genes. Stages discussed in the text, page 3.4.

While p66 contains the DNA-binding groove, the RNaseH domain and is cat-
alytically active, the shorter p51 lacks any enzymatic activity and serves as a
scaffold for p66. The ternary structure of the p66 subunit is traditionally com-
pared to a right hand with a thumb, a palm and a fingers domain cf., Figure 3.7
and Figure 3.8 [58, 95, 96, 60].
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Figure 3.7: General structure of the HIV-1 RT enzyme. p51 subunit shown in grey,

p66 subunit consists of fingers domain (yellow), thumb domain (red), palm domain

(blue), connection domain (orange) and RNaseH domain (magenta). DNA template

shown in red, DNA primer in green. After 1RTD PDB structure [58].

The RNA-dependent DNA polymerization catalyzed by the reverse transcrip-

tase involves the following four steps: 1) template/primer binding to the en-

zyme; 2) binding of dNTP and bivalent cations (Mg2+ or Mn2+) to the RT-

template/primer complex; 3) formation of a phosphodiester bond between the

3’-OH primer terminus and the α-phosphate of the dNTP; 4) translocation of

the elongated DNA primer from the dNTP binding site to the primer site or

release of the template/primer complex [57, 80, 81, 104].
Research reported in [104, 80] suggests that a large conformational shift and

rotation of the fingers subdomain towards the thumb subdomain occurs upon

the binding of dNTP and bivalent cations. The active centre of the enzyme

is located in the palm subdomain which contains three catalytically active

residues: Asp 110, Asp 185 and Asp 186. The residues are embedded in a

hydrophobic region (cf. e.g., [118]). Similarly to other reverse transcriptases,

a highly-conserved YXDD motif formed by the residues Asp 185, Asp 186,

Tyr 183 and Met184 is present in the HIV-1 RT [53] (see Figure 3.8).
It has been suggested that during polymerization the fingers subdomain and

both alpha-helices of the thumb form a clamp that holds the nucleic acid in the
right place over the palm. The template/primer interactions occur between the
sugar-phosphate backbone of the DNA/RNA and residues of the p66 subunit
[53, 104, 80].
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Figure 3.8: Structure of the HIV-1 RT enzyme fragment (PDB structure 1RTD [58]).

Thumb domain (red), finger domains (yellow) and palm domain (green) constitute p66

subunit. Residues constituting the dNTP binding pocket are shown in magenta, YXDD

motif members are within the red circle. The incoming dNTP and two magnesium ions

are shown in light green. (For clarity, the structure to the right is rotated 180◦).

3.5 Anti-HIV drugs

Currently, more than 30 drugs based on some 20 different active compounds

are used in anti-HIV-1 therapy [117]. Thanks to the existence of anti-viral

drugs, AIDS is no longer considered to be a fatal disease but rather a chronic

non-lethal condition. The degree of AIDS severity differs from one part of the

world to another and greatly depends on the availability of treatment. Histor-

ically, the first drugs used in AIDS treatment targeted two important viral en-

zymes: reverse transcriptase and protease. While there exist chemical agents

targeting different molecules and different stages of viral life-cycle, RT in-

hibitors and protease inhibitors remain the two major classes of drugs used

in the highly-active antiretroviral therapy (HAART). Among the compounds

approved for AIDS treatment there is also one fusion-inhibitor, one entry in-

hibitor and one integrase inhibitor [117].

3.5.1 Reverse transcriptase inhibitors

Zidovudine (AZT), the very first drug used in anti-HIV treatment was targeted

against the RT enzyme and it gave rise to the whole family of nucleoside RT
inhibitors (NRTI) [57]. The mode of action is common to all NRTI drugs:
they mimic the actual substrates of the enzyme, the dNTPs, but lack the 3’-
OH group in the ribose ring and therefore terminate DNA chain elongation
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by making the creation of a phosphodiester bond impossible [53, 35, 80] (see

Figure 3.9). Currently 13 different RT inhibitor-based drugs are in use and

they are based on six active compounds: abacavir, didanosine, emtricitabine,

lamivudine, stavudine and zidovudine [116]. In this work, we investigate re-

sistance to all these except emtricitabine, for which no resistance-data was

available. All of the previously mentioned drugs mimic nucleosides and in

order to become active they need to be phosphorylated by cellular enzymes.

There exist also one nucleotide RT inhibitor (NtRTI), Tenofovir, that does not

need to be converted to its active form. As the mode of action is very similar

for both groups, they are often classified together as NRTIs. Chemical struc-

tures of NRTIs and NNRTIs are presented in Figure 3.9.

There exist yet another group of RT-targeted drugs that inhibits the enzyme
in a completely different way, namely by binding at a specific site on the
RT surface and inhibiting the motility of its protein domains. This, in turn,
disrupts the enzymatic function. The drugs acting in such a way are called
non-nucleoside RT inhibitors (NNRTI) . Their destination-site on the surface
of the enzyme is called the NNRTI-binding pocket [80, 57].

3.5.2 Other inhibitors

There exist other classes of anti-HIV drugs. Protease inhibitors target another
important viral enzyme, HIV protease. Protease is also crucial for viral repli-
cation as it cleaves long non-functional polypeptides into fully functional viral
proteins such as enzymes and capsid proteins. Viral DNA synthesized by the
RT is incorporated into host chromosomal DNA with the help of HIV inte-
grase, which is also a target for anti-viral drugs [57].

HIV entry into a cell is a complex sequence of events. First, the viral sur-

face protein gp120 binds a CD4 receptor on the surface of the host cell. This is

followed by a conformational change of gp120 which increases its affinity to

a co-receptor while at the same time exposesing another viral protein, gp41.

Now gp120 binds to a co-receptor (CCR5 or CXCR4) and gp41 promotes the

fusion of cellular and viral membranes. This enables the entry of the viral

core into the cell [37, 108, 43]. Currently one fusion inhibitor targeting gp41
and one entry inhibitor that blocks CCR5 receptor are available for the treat-

ment of HIV. There is also a number of drugs that combine different active

compounds to achieve therapeutical effect [117, 116].

3.5.3 Resistance to drugs

The initial hope following the introduction of Zidovudine, the first anti-HIV

drug, was quickly dashed by the emergence of drug-resistant viral strains. It

has been estimated that 109–1010 virions are produced every day in an infected
individual [97, 38]. The average half-life of a virion is 2 days. Like other RNA
polymerases, the HIV RT lacks a proof-reading activity and about 35 muta-
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Figure 3.9: Different groups of anti-viral drugs. In the case of NRTI and NtRTI drugs,

an arrow points out the main structural difference that is responsible for therapeutical

effect. Drug structures after: [1] and manufacturer-issued data.

tions per million nucleotides are introduced during one cycle of replication
[97, 87, 62]. In addition to this, the cellular APOBEC3G DNA deaminase is
packed into newly synthesized virions where a Vif protein inhibits its function.
However, the low activity of APOBEC3G leads to additional G→A mutations
[5]. The exceptionally high rate of mutation, together with the high replication

rate of the virus and the high rate of RT-mediated recombination, leads to the

rapid emergence of various mutations. This results in the very high genetic

variability of the virus. These mutations give rise to new viral subtypes and to

drug-resistant strains. Potentially, a virus resistant to any single HIV-inhibitor

is produced many times a day in an infected organism [90, 57, 68].

The drug resistance mutations are usually deleterious, i.e., they decrease
viral fitness. Therefore in the absence of drugs, mutant sub-populations are

very small compared to the wild-type virus. This situation changes rapidly

after administering an anti-viral drug. Now, the resistant viruses have much

higher chances to replicate and they quickly dominate in the viral population.
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When the drug pressure is removed, many resistance-mutations revert back to

the wild type but some may still be advantageous (or not-so-deleterious) and

they are observed persisting in the viral population.
It is tempting, though, to administer more than one drug at the same time

hoping that the viral population will not be able to survive such a strong

pressure. Indeed, in 1999 the so-called highly-active antiretroviral therapy

(HAART) was introduced, usually combining three drugs: two RT inhibitors

and one protease inhibitor [57]. Unfortunately, it transpired that HIV is able to

overcome this type of therapy and that viral strains emerge that are resistant to

all the administered drugs. The situation is aggravated even further by the fact

that mutations that cause resistance to drug A, also cause resistance to drug

B. This phenomenon is called cross-resistance and undermines many efforts
to replace one drug in the mixture with another (see, e.g., [29]).

Despite these difficulties, AIDS is not regarded a life-threatening condi-
tion anymore. Thanks to the existence of efficient therapies, HIV-positive pa-
tients are considered to be chronically ill. The high efficiency of the therapy is
achieved by constant monitoring of the mutations that emerge in the viral pop-
ulation and responding with the appropriate, optimal combination of drugs. To
be this “one step ahead of the virus” is neither easy nor cheap. The most obvi-
ous way of keeping track on the emerging drug-resistant strains is to perform
direct in vitro assays. This approach is called phenotyping [57, 13, 36].

In phenotyping, the viral replication rate is measured directly in the cell

cultures. A blood sample is taken from a patient, the cell cultures are infected

and the replication rate is measured at different drug concentrations. The re-

sults are given as values relative to the wild-type virus replication rate. This

procedure is time consuming and expensive [57, 13, 36].
Genotyping is another approach to measuring replication rate. A blood sam-

ple is taken and viral genetic material is isolated. This is followed by PCR am-

plification and sequencing. This method gives the exact genotypes of viruses

present in the patient’s blood. While quick and cheap, genotyping does not

give an explicit information on the values of replication rate. The results of

genotyping have to be analyzed further and the rate of replication is deter-

mined indirectly [57, 13, 36].
Since 1999, sets of rules for resistance prediction from genotyping-results

are semiannually issued [25]. The rules are based on the knowledge of many

experts around the world. However, even for a group of experts it is difficult if

not impossible to perform the detailed in-depth analysis of all the genotyped

viruses. It is even difficult for a human to analyze resistance that emerged as

a result of a combination of five or more mutations [82, 9, 30]. Since 1999,

numerous tools and interpretation systems have been proposed to facilitate

genotyping result interpretation. Many of the systems make use of machine-

learning algorithms (ML) [105] such as: support vector machines [14], fuzzy-

logic [33], decision-trees [13] or neural networks [72, 36, 63]. In Papers I –

III we apply novel machine learning algorithms to predict HIV resistance on
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the basis of genotyping results. We also perform an in-depth analysis of the

observed mutation patterns that lead to resistance.

3.6 Post-translational modifications of proteins

Protein synthesis is a complex, multi-stage process in which cells build pro-

teins. Initially, the term protein synthesis was synonymous with protein trans-
lation, but it turned out that translation is just one step of the whole process.
From the point of view of chemistry, a protein is just a chain of amino acids
[6, 113]. There are 20 different amino acids that are used as protein-building
blocks by the majority of higher organisms. There are organisms (e.g. certain
bacteria) that use non-standard amino-acids to build their proteins, but these
are a rather exceptional cases [6]. The exact order of amino acids in a protein
is termed the primary structure. Proteins, however, are not just linear chains

of amino acids. They fold into regularly repeating local structures that are sta-

bilized by hydrogen bonds. Alpha helices, beta-sheets and turns are the most

common examples of such structures. This level of organization is termed the

secondary structure. The spatial relations between secondary structures deter-
mine an overall shape of a protein, its tertiary structure. These relations are

usually stabilized by global interactions such as the formation of a hydropho-

bic core, disulfide bonds, salt bridges and also hydrogen bonds. There is a

number of common, stable tertiary structures that appear in a large number of

proteins, sometimes independently of their function and evolutionary kinship.

Some proteins may form protein complexes and this is the highest level of

protein organization known as the ternary structure [113].
The primary structure of a protein as obtained from a sequencing project

(e.g. human genome project) is not sufficient to provide the full explana-

tion of its various functions and regulatory mechanisms. The vast majority

of the proteins encoded in any genome undergo numerous post-translational

modifications (PTMs) that alter their function. These modifications constitute

an important level in the regulation of protein function [6, 113]. There are

many different types of PTMs but they can be classified into four main groups

[113, 6, 114, 106, 17, 71]:

1. modifications that involve the addition of a functional group, such as the
addition of an acetyl group, methyl group or a phosphate group.

2. changes of the chemical nature of amino acids like citrullination – conver-

sion of arginine to citrulline.
3. modifications involving addition of other proteins or peptides, e.g., cova-

lent linkage to the SUMO protein or ubiquitin.
4. modifications that involve structural changes such as proteolytic cleavage,

formation of disulfide bridges between cysteines or racemization of pro-

line.
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The first two groups of modifications are the subject of Paper IV and we

will discuss it now a bit more. A functional group is a term taken from or-
ganic chemistry where it denotes a specific group of atoms within a group
of molecules that are responsible for the characteristic chemical reactions of
those molecules. There exist a large number of PTMs involving addition or
removal of many different functional groups. Possibly the most important and
best known are [114, 106, 17, 71]:

• acetylation and deacetylation – the addition or a removal of an acetyl
(-COCH3) group either to the N-terminal part of a protein or to lysine

residues. This is one of the modifications affecting histones and plays an

important role in the regulation of gene expression.
• methylation/demethylation is the addition/removal of a methyl (-CH3)

group, usually at lysine or arginine residues. This type of modification
also plays a crucial role in the regulation of gene expression by modifying
histones and regulating the state of chromatin.

• glycosylation is the addition of a glycosyl (sugar) group to asparagine,

hydroxylysine, serine or threonine. The final product of glycosylation is

called a glycoprotein. This is one of the most important modifications. In

mammals glycoproteins play a role in white blood cell recognition. Also,

the molecules of the major histocompatibility complex responsible for the

recognition of pathogens are glycoproteins. Therefore glycosylation plays

an important role in many processes, such as the rejection of transplants,

autoimmune diseases and the sperm-egg interaction. Also many viral cap-

sid proteins, (e.g. in the influenza virus) are glycosylated.
• hydroxylation is the addition of a hydroxyl group (-OH). This modification

affects proline and hydroxyproline is the final product. Hydroxyproline is

an important building-block of collagen which, in turn, builds the connec-

tive tissue.
• addition of a prenyl or an isoprenyl group called prenylation and isopreny-

lation respectively. These modifications have been shown to be important

for protein-protein interactions.
• phosphorylation is the addition of a phosphate group (-PO4). This modi-

fication affects histidine, serine, threonine and tyrosine. Phosphorylations

are a very important class of modifications and it is estimated that 10-50%

of all proteins are phosphorylated. The addition of a phosphate group is

catalyzed by kinases and the reverse reaction called dephosphorylation
is catalyzed by another group of enzymes, phosphatases. Phosphotyla-

tions/dephosphorylations trigger many important enzymes on and off and

affect almost all the processes taking place in a living cell or organism:

from memory formation to gene expression.

The above list provides just some examples of PTMs and gives an idea of
how complex the regulation of protein function is. The majority of PTMs
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are catalyzed by enzymes: proteins that recognize specific motifs in a pro-

tein sequence or in a protein structure and modify the appropriate amino

acids [6]. There are many ways to study PTMs, the most common being

mass spectrometry and 2D chromatography. Also a number of methods ex-

ist that involve transferring cellular proteins into a membrane to search for

post-translational modifications using specific probes. These techniques are

called Eastern-blotting [113, 17]. Since all these wet-lab procedures involve

large amounts of work and a lot of resources, an idea emerged to use in sil-
ico computational methods to predict modification sites directly from protein
sequences. These predictions can be used as a navigational aid for molecular
biologists in their research.
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4. Computational Background

In this chapter I give a brief introduction necessary to understand the com-
putational aspects of the work. I begin with a definition of a model, proceed
to the data representation and discuss the various aspects of model construc-
tion. First, I discuss feature selection, then I talk briefly about classification
task and model-validation. I conclude with model interpretation and model
generalization.

4.1 From data to model

First, let me introduce some basic terminology that computational biologists
use when talking about data. Often, it is convenient to represent the outcome
of an experiment in tabular form.

Name Size Polarity Aromatic? Charge Efficacy

C1 28.4 medium yes positive high
C2 25.21 low yes neutral low
C3 7.14 low yes negative low
C4 11.15 medium yes neutral high
C5 20.04 medium yes neutral low
C6 17.35 high yes positive high
C7 29.79 high no negative high
C8 3.24 low no positive low

Table 4.1: An example of a data table.

Table 4.1 summarizes the results of a drug screening experiment. Each row
in the table corresponds to an instance of a drug candidate. Five features of
each instance are described by five values: name, size, polarity, aromaticity,
and charge. The “Name” attribute is unique for each instance and is used for
identification purposes only. In machine learning features are also called at-
tributes and in statistics independent variables [122, 54]. Such an ensemble
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of instances, each characterized by the same set of features, is called an infor-
mation system.

Definition 1. An information system A is a pair A = (U,A), where U is a
finite, non-empty set of instances called the universe and A is a finite, non-
empty set of attributes (features) where an attribute a is a function a : U → Va
that associates values from the domain Va with instances from U for every
a ∈ A [122, 54, 67].

If the outcome is known for each instance, we can add a decision attribute (or
more decision attributes) to an information system, and we talk of a decision
system. Formally,

Definition 2. A decision system Ad is any information system of the form
Ad = (U,A∪{d}) where d /∈ A is the decision attribute. The elements of A
are called conditional attributes [122, 54, 67].

The information system presented in Table 4.1 is a decision system. “Efficacy”
is the decision attribute while all the remaining attributes are called condition
attributes.

The discussed attributes are somewhat different in the type of their values.

“Name”, “Polarity”, “Aromatic?”, “Charge” and “Efficacy” have qualitative

character and are usually referred to as categorical or discrete attributes. In

case of the “Polarity”, “Charge” and “Efficacy” attributes the values are or-

dered, but no metrics can be applied – they are ordered categorical attributes.
“Size” is a continuous, quantitative attribute. “Aromatic?” is a binary attribute

i.e., a value that takes only two values: “True” or “False”, here encoded by Yes
and No.

Usually, an experiment is performed in order to increase our understanding
of the surrounding world. In other words, we would like to know how con-
dition attributes are related to decision attributes. Ideally, we would like to
construct a model that will capture all these relations in a simple way and that
will let us predict what will happen when we observe a new instance for which
we do not know the outcome.

The New Oxford American Dictionary gives the following definition of a
model [3]:

. . . a simplified description, esp. a mathematical one, of a system or process, to

assist calculations and predictions.

Eykoff [44] defined a mathematical model as

. . . a representation of the essential aspects of an existing system (or a system

to be constructed) which presents knowledge of that system in usable form.
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A mathematical model usually describes a system by a set of variables and a

set of mathematical functions that establish relationships between these vari-

ables [70, 54, 122].
Construction of a model usually involves several standard steps. First, data

coming from experiments is represented in an appropriate form, annotated,

described, normalized etc. Models should be simple, especially if they are to

be interpreted by humans. Therefore it is desirable to discard the features that

are not necessary to model the phenomenon in question. Various feature se-

lection methods can be applied to achieve this task. This is followed by the

discovery of a relationships between condition and decision attributes. The

relationships are often complex and can be revealed with the help of compu-

tational methods. Once a model is constructed it should be validated analyzed

and interpreted. All these steps are described in the following sections.

4.2 Feature extraction and feature selection

In the late 1950s Richard Bellman [15] drew attention to an interesting prob-

lem that he named the curse of dimensionality. The curse of dimensionality is
the problem that arises when an extra dimension is added to a mathematical
space resulting in an exponential increase in volume. To illustrate the problem,
Bellman considers sampling a unit interval. In order to sample a unit interval
with no more than 0.01 distance, the number of 100 evenly-spaced points is
sufficient. An equivalent sampling of a unit square requires 1002 points which
is still not too much, but to sample a unit 10-dimensional hypercube one re-
quires as many as 10010 evenly-spaced points that constitute a lattice. Thus, in
some sense, a 10-dimensional cube can be said to be 1018 times “larger” than

a unit interval (for sampling density 0.01 as set above). In other words, in a
10-dimensional space it is necessary to cover 80% of the range of each coor-
dinate to capture 10% of the data. The curse of dimensionality problem often
arises in the context of machine learning. Many machine learning algorithms
can bee seen as some kind of mapping from data space to decision space.
Covering data space requires computational resources, and, in the most gen-
eral case, the amount of resources needed is proportional to the hypervolume
of the input space [54].

In many data mining problems, the training set consists of a large number

of examples for each decision class, while the number of features is usually

limited and much lower than the number of instances. In contrast, an average

biological data set contains only a limited number of instances while each

instance is represented by a large number of features. It is not uncommon that

there are only several dozen examples available versus a thousand or more

features describing them. It is aggravated even further by noise inherent to

experimental data. These problems turn out to be a serious obstacle when
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it comes to the analysis of biological data and the application of machine

learning techniques to biological problems.
Feature extraction and feature selection are techniques used to alleviate

these problems. The goal of feature extraction and selection is to select a sub-
set of relevant features that can subsequently be used to build robust predictive
models for classification. By removing irrelevant and redundant features from
the data, feature selection notably improves the performance of the majority
of predictive models. The application of feature selection often significantly
reduces the number of features that are to be considered by a model, thus alle-
viating the curse of dimensionality problem. This, in turn, speeds up the learn-
ing process and enhances the generalization capability of the model eventually
leading to the improved interpretability of the results [70, 54, 122].

By feature extraction we understand selection and construction of appro-

priate features based on the available domain knowledge [54]. For instance,

in the HIV-resistance problem (see e.g., Paper I) we did not consider the p51

subunit since it is catalytically inactive. We also created a suitable method of

representing protein sequence in terms of its physicochemical properties. This

resulted in a number of potentially relevant features. At this point we applied

feature selection in order to select the truly relevant ones. Below we discuss

feature selection in more detail.

Let us consider a typical machine learning problem. We have a set of N ob-
servations (instances), characterized by M features each. Therefore for each

instance we have a feature vector: Fi = (F1, ...,Fj). By performing feature se-
lection, we want to find a minimal subset G of features from F such that the
quality of classification remains at a desired level (typically not lower than ob-
tained when training on the original set). Let C be the set of decision classes,
G ⊂ F be the set of features after the feature selection, P(C|G) = fG be the

probability distribution of different decision classes given the feature values

in G and P(C|F) = f be the original distribution given the feature values in

F . The goal of feature selection is to find an optimal (often also a minimal)
subset G such that P(C|G = fG) is equal or close enough to P(C|F) = f .

Let us consider the following example (Table 4.2): here the features

Instance F1 F2 F3 F4 F5 C

1 1 1 0 1 0 0
2 0 1 0 1 0 1
3 1 0 1 1 0 1
4 0 0 1 1 0 0
5 0 1 0 1 0 1

Table 4.2: An example of a training set.
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F1, ...,F5 are binary. The target concept is also binary: C = {0,1} and it

depends on F1 and F2 solely: C = g(F1,F2). Additionally, let F2 = F3 and
F4 = F5. We should notice that F1 is indispensable for classification, as well
as either F2 or F3 is. Both F4 and F5 can be discarded. Existence of two

optimal subset of features: {F1,F2} and {F1,F3} follows immediately.

4.3 Looking for patterns
The purpose of machine learning is to use computers in order to learn general
concepts from examples provided in a so-called training set. A training set is
an information system or a decision system. The first informal definition of
machine learning was given in 1959 by Arthur [103]:

Machine learning is a field of study that gives computers the ability to learn

without being explicitly programmed.

Samuel wrote a program that was playing checkers with itself. Over time it
was learning patterns that lead to wins or to losses. The learned patterns were
then used to improve strategy and quickly the program outcompeted an ex-
perienced human player. In 1997 Tom Mitchell [83] provided a more formal
definition of machine learning:

Definition 3. A computer program is said to learn from experience E with
respect to some task T and some performance measure P, if its performance
on T, as measured by P, improves with experience E.

Typically, a training set consists of a number of observations coming from an
experiment. There are two main types of machine learning: supervised learn-
ing and unsupervised learning. In the case of unsupervised learning, a training
set is an information system, but no decision attribute is given. The task is to
discover patterns that naturally occur in data and to group instances according
to the similarity of these patterns. Supervised learning deals with situations
where the decision class information is available (given by a supervisor) and
a training set is a decision system.

When building a model, it is necessary to assume that the instances con-

stituting a training set are representative of the entire universe of possible in-

stances so that they reflect real relationships between attributes and decision

classes [86]. Statistics teaches us how to perform sampling and how to assess

its quality.

4.4 Model validation

Assessment of the predictive quality of a model is a vital part of the modeling

process. Having constructed a predictive model (classifier), we would like to
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know what the probability is that a new, random observation will be classified

erroneously. Similarly, when given many classifiers trained on the same train-

ing data, we would like to minimize the risk of misclassifying new objects by

choosing the best one. We should notice that the probability of classifying a

new random object erroneously is equal to the fraction of objects misclassified

by the classifier. Yet the probability itself is not known, but it can be assessed

in an experimental way. Let us assume that we have a random sample of ob-

jects and that the right decision-class is known for each object. Obviously,

this random sample has to be independent of the training set. Such a sample is

usually called a validation sample or, equivalently, a validation set. Now we
can use the classifier(s) in question to classify objects from the validation set.
The fraction of misclassified ones will be a good estimation of the probability
we were looking for [70, 122].

The presented approach gives an accurate estimation of the classification
error in the case of a single classifier. It also lets us choose the best one out of a
number of classifiers. However, once the best classifier is chosen it would be a
mistake to treat the error-estimates obtained on the validation set as unbiased!
We should note that all our assessments are random and it is a random factor
that led us to select the particular classifier as the best one. Therefore if we
want to have an unbiased estimation of the predictive quality of the selected
classifier, we should use another random test set of objects where we know a
priori the right decision for each object. If this sample is independent of the

training set and the validation set, it can be used to estimate the probability of

misclassifying a random object by the best classifier selected in the previous

step [70, 54, 122].

It is important to mention that ratios in-between the decision-classes ob-
served in the training sample should be preserved in both the validation and
the test set. In other words, we say that the stratification of the decision classes
should be preserved. Such an approach minimizes bias in our error estimation
[47, 54].

To summarize the above paragraphs, ideally the original data set is ran-
domly divided into three sets:

• A training set used fit the models.
• A validation set used to estimate prediction error for model selection.

• A test set used to assess the generalization error of the final chosen model.
A final question arises regarding how many objects from the initial data set
should be used for construction of the training set, the validation set and how
many should be left for the test set? There is no ideal answer to this question,
but the split-ratio between these three sets is usually close to 50% – 25% –
25% [54, 70].

In machine learning we are usually facing yet another problem, namely very

few objects in the initial data set. Therefore, rather than “wasting” examples

for constructing separate validation and test sets, we would like to incorporate
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all the objects into the training sample. In such situation classification error

can be estimated using either a cross-validation or a bootstrap approach.
Cross-validation is a simple yet powerful method of assessing the qual-

ity of a classifier. In K-fold cross-validation, the original training set is split
into K parts. Each part contains approximately the same number of objects.
In stratified cross-validation the ratios between the decision classes should

be preserved as well. In the next step, K training pseudo-samples are derived
from the original training sample by sequentially removing one of the K parts.

Therefore every training pseudo-sample contains K − 1 parts of the original
training set. Subsequently these pseudo-samples are used to train K classifiers.
Each classifier is therefore trained on K−1 parts of the original training sam-

ple and can be validated on the remaining part that is independent of the partic-

ular training pseudo-sample. In special case where K is equal to the number of

objects in the original training set, we talk of leave-one-out cross-validation,
also known as jacknife [122, 54, 70].

The sum of all the classification errors committed by the K versions of the
classifier divided by the total number of objects gives a reliable assessment
of the probability that the classifier will misclassify a new random observa-
tion. Such an estimation is almost unbiased and can be used to select the best
classifier. Obviously, once the classifier is selected it has to be trained on the
original training set before being used to classify new objects. In the K-fold
cross-validation, each version of the classifier is trained on n− n

K objects and

validated using the remaining n
K instances. Therefore the estimate of the mis-

classification probability is not unbiased for every sample smaller than n. The

higher the K, the lower the bias and higher the variance of the estimator. This
fact has to be taken into account while deciding upon the number of folds. The
5-fold, 10-fold and leave-one-out and cross-validation schemes are the most
frequently used ones [122, 54, 70].

Bootstraping is another approach to the classification-quality assessment.

Here a number of training pseudo-samples is constructed by resampling the

original training set. In bootstrap, n elements are randomly drawn with re-

placement from the original training set. It is easy to see that the probability

of a particular instance being drawn is 1
n and it follows that the probability

of the instance not being drawn into the bootstrap sample is 1− 1
n . Since the

bootstrap sample has the same size as the original training sample, on average
(1− 1

n)n = 0.368 of the objects will not be drawn. These objects can be used
as a validation set while the remaining 0.632n objects present in the bootstrap
sample will be used for training. Subsequently, N bootstrap samples are de-

rived from the original training set and N classifiers are trained and validated.
For each object from the original training sample the number of misclassifi-
cations is recorded. Obviously, only these versions of the classifier where the
element was not included in the training pseudo-sample are taken into account
[122, 70].

39



It is common to present the predictive quality of a classifier in terms of a

confusion matrix. A simple confusion matrix for a binary classification prob-
lem is shown in Table 4.3.

Actual

Positive Negative

Predicted

Positive TP FP → Precision
(Type I error, p-value)

Negative
FN TN

(Type II error)

↓ ↓
Sensitivity (=Recall) Specificity

↓
FPR

Table 4.3: A confusion matrix. Additionally, the relationships among the terms that are
discussed in this section are presented. TP – true positive, TN – true negative, FP –
false positive, FN – false negative, FPR – false positive rate. For further explanations
see the text.

In a binary classification task the objects in the test set or the validation
set belong to either “positive” or “negative” decision class. Similarly, each
object can be classified as either the “positive” or “negative”. This gives four
different possibilities: true positive (TP), true negative (TN), false positive
(FP) and false negative (FN). There is a number of predictive quality measures
based on these values. The proportion of correctly classified objects is called
the accuracy:

Accuracy =
T P+T N

T P+FP+T N +FN
(4.1)

Intuitively, the less false positives the classifier yields, the more precise it is.

Indeed, the precision of a classifier is defined as:

Precision =
T P

T P+FP
(4.2)

Another important measure is the sensitivity, also known as either the true
positive rate (TPR) or the recall rate. It tells how likely the classifier is not to
miss the positive case:

Sensitivity =
T P

T P+FN
(4.3)

Even a very sensitive classifier can yield a lot of false positives which is often

not desirable. The fraction of false positives is measured by the specificity of
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a classifier:

Speci f icity =
T N

FP+T N
(4.4)

To better understand the notions of sensitivity and specificity let us consider a
simple medical test. The test gives two possible answers: “healthy” and “dis-
eased”. The hypothetical confusion matrix for such a test is presented in Ta-
ble 4.4. The sensitivity of the test is in this case 0.962 which is an estimate of

Actual

Diseased Healthy

Predicted
Diseased TP = 180 FP = 20
Healthy FN = 7 TN = 93

Table 4.4: A hypothetical confusion matrix for a medical test performed on 300 pa-
tients.

the likelihood that a truly diseased patient is classified as such. The specificity,

in this example equal to 0.823, estimates the probability that a non-diseased

patient will be classified as such. Ideally, one would like to have a classi-

fier that is at the same time sensitive and specific, i.e., that classifies healthy

patients as healthy and diseased ones as diseased. In practice this is rarely pos-

sible and there is always a trade-off between these two values. Let us notice

that the test that classifies every object as “positive” has maximal sensitivity

but zero specificity. Eventually, observe that (1− speci f icity) is an estimate

of the likelihood that a healthy patient will be classified as diseased.
In many classification problems, different types of classification errors have

different costs. For instance, it is often more desirable to classify a healthy
patient as diseased than the other way round. Therefore sometimes the so-
called cost matrix is used in order to shift the balance between specificity and

sensitivity. It is convenient to visualize sensitivity versus (1− speci f icity) for
a number of cost matrices where the costs are modified systematically. Such
a visualization is called the receiver operating characteristics curve (ROC)
[52]. Equivalently, the ROC curve can be constructed by plotting the fraction
of true positives (TPR) vs. the fraction of false positives (FPR) defined [122]
as:

FPR =
FP

FP+T N
(4.5)

An example of an ROC curve is given in Figure 4.1. An ROC curve is derived

from a number of classifiers and it contains all information provided by a sin-

gle confusion matrix [115]. The point (0, 1) corresponds to a perfect classifier

and the point (1, 0) represents a classifier that is always wrong.
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Figure 4.1: An ROC space. Grey points represent classifiers: random, perfect, hy-

pothetical classifier C and its inverse C’. The C’ classifier is a result of inverting

decisions made by C. Two hypothetical ROC curves are shown. The ROC A curve

represents better classificatory quality than the ROC B curve.

The accuracy measure determined by Equation 4.1 can be easily biased by

a non-equal distribution of the decision classes in the data. Let us consider

a test set that consists of 100 instances and that 95 of them belong to the

“negative” class. Naturally, the five remaining instances are all members of the

“positive” class. Now, a classifier that always predicts an instance to belong

to the “negative” class will have very high accuracy (95%) [77]! Provost [92]

prooved that a ROC curve is independent of the class distribution or error cost.

Therefore it has been suggested that the area under an ROC curve (AUC) can

be used as the most accurate measure of the quality of classification [115, 92].
In the papers included in this thesis, yet another method for testing predic-

tive quality of a classifier is used. This method is called a randomization test.
The randomization test was first introduced by Fisher in 1935 [48] and is also
known as permutation test or a rerandomization test [73]. Once the classifier
is chosen and validated, one may wonder what is the probability that the ob-
tained, or even better, results could have occured by chance. The idea of the
test is simple: a number of copies of the original training set is made and in
each of them the values of the decision attribute are randomly shuffled. Subse-
quently, the examined classifier is trained on these copies and validated in the
same way that it was validated after being trained on the original training set.
Let us say that we are measuring AUC: we have one AUCorig value that was
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obtained on the original training data and we have a number Nrand of AUC

values obtained while training the classifier on the randomized training sets.

We expect these values to be normally distributed around some value close to

0.5. Our expectation is based on the assumption that when trained on random

data, the classifier should be no better than just tossing a coin. Eventually, we

can use the Student’s t-test to determine the p-value for our AUCorig.

4.5 Interpreting the model

Predictive models constructed using different machine learning algorithms

provide different degrees of transparency. While some models resemble black

boxes that provided with an instance on one side will return prediction on the

other, there are models that give full insight into the process of classification.
The choice of classification method depends on many factors. Quality of

predictions and interpretability are among the most important ones. Some

methods, e.g., neural networks or support vector machines while generally
accurate, in their basic version do not give much insight into the actual classi-
fication process. Decision trees, on the other hand, are easy-to-interpret but
they are in general much less stable than neural networks [122]. Random
forests attempt at increasing stability of predictions but do this at the price
of lower interpretability. Since there are thousands of trees to analyze in a
random forest, it is difficult to trace the classification process. The rough set-
based approach can produce stable models based on legible rules but rough
sets require discrete feature-values. In some cases discretization can be ap-
plied to fulfill this requirement, but sometimes it is necessary to work with
continuous values.

To increase the interpretability of HIV drug-resistance models, in Paper I
we applied our Monte Carlo feature selection method and rough set-based ap-
proach to modeling. In Paper II we proposed an enhancement to the MCFS
method that allows for analysis of interdependences between significant fea-
tures. The MCFS-ID method is applied before building classificatory model
and is independent of the choice of classification method. By the applica-
tion of the MCFS-ID method, an interpretational layer is created that can be
analyzed by the domain experts in order to reveal interactions leading to a
particular outcome.

4.6 Towards generality

When building a model, usually only a limited number of instances is avail-
able for training. It is necessary to assume that these instances constitute a
good representation of the modeled space, called also a universe. This as-

sumption is very important and the principle of uniformity lies in its heart
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[121, 86]. Statistics provides numerous methods that help creating represen-

tative samples of the examined phenomena and provides tools to assess the

quality of these samples. Having a limited number of instances, the goal is to

build a model that is general enough to predict the outcome for any instance

from the examined universe.
The limited number of examples, together with noise inherent to experi-

mental data often result in too specific models that while very accurate when

applied on any subset of the training set, perform much worse when presented

with instances that were not included in the training sample. This phenomenon

is called over-fitting and it is illustrated in Figure 4.2 [76, 54, 122].

Figure 4.2: An illustration of over-fitting and generalization. The black line represents

the true concept to be learned, the target function. Black dots represent the available

data points. An over-fitted model derived using the points is a dashed line. General-

ization will introduce an “uncertainty region”, here represented by a gray shadow. Its

shape resembles the shape of the target function more than the shape of the over-fitted

model does.

Feature selection eliminates a lot of noise from data and is often a good rem-

edy to over-fitting. Another way of overcoming the problem which is com-

plementary to feature selection is the application of various generalization

techniques. By generalization we mean relaxing constraints imposed by the

original over-fitted model by, e.g., representing features in a less specific way.

In our work (Paper I - Paper IV), we were using physicochemical descriptors

of amino acids instead of letter-codes to represent protein sequences. This is

a good example of model-generalization by using less specific features. In the

case of rough set rule-based models (see Paper I), we create more general

models by shortening rules and merging the most similar ones.
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5. Methods

In this chapter I present computational methods that are used in the included

papers. First, I talk about representing protein sequences in terms of their

physicochemical properties. Next, I discuss rough sets and proceed to tree-

based methods of classification and feature selection: random forests and our

MCFS-ID method.

5.1 Representing sequences

As I mentioned in the chapter devoted to biology, it is convenient to repre-

sent protein sequence as a string of letters where each letter denotes an amino

acid. Already this simple representation is sufficient to compare sequences,

infer phylogenetic trees, search for specific motifs etc. [41, 56] It is, how-

ever, physicochemical properties of amino acids that determine protein fold-

ing and function. Research presented in this thesis is focused on examining

these properties and attempts to understand how they change to alter protein

function. Following [101], we selected seven physicochemical properties from

the aaIndex [64] database of amino acid descriptors and we use these proper-

ties to represent protein sequences. The selected properties are summarized in

Table 5.1.

No. Descriptor aaIndex code Authors

1 Transfer free energy from octanol to water RADA880102 [94]

2 Normalized van der Waals volume FAUJ880103 [45]

3 Isoelectric point ZIMJ680104 [127]

4 Polarity GRAR740102 [51]

5 Normalized frequency of turn CRAJ730103 [31]

6 Normalized frequency of alpha-helix BURA740101 [24]

7 Free energy of solution in water CHAM820102 [27]

Table 5.1: Physicochemical properties of amino acids selected from the aaIndex
database.

Descriptors 1, 2 and 3 represent three important physicochemical properties:

hydrophobicity, size and charge. Interpretation of “Polarity” is straightfor-
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ward. Both “Normalized frequency of turn” and “Normalized frequency of

alpha-helix” represent the propensity of an amino acid to form a particular

secondary structure. “Free energy of solution in water” characterizes amino

acid-solvent interactions.

The selected descriptors are biologically meaningful while at the same time
being low correlated and thus preserving the ability to discern one amino acid
from another. The detailed description of the selection process can be found
in [102] and in Paper I.

5.2 Rough sets

The notion of a rough set was intorduced by Zdzisław Pawlak in 1982 [88].

The theory of rough sets aims to analyze imprecise, uncertain and often in-

complete information that is expressed in terms of data acquired form obser-

vation or experiment. This goal is achieved by constructing an approximation

of a set that, based on the available data, cannot be expressed in terms of the

classical set theory.

Recall the drug screening example presented in the previous chapter, Ta-
ble 4.1. As the rough set theory requires that all the attributes take discrete
values, we discretized the “Size” attribute into three classes: small, medium
and large. The resulting dataset is presented in Table 5.2.

Compound Size Polarity Aromatic? Charge Efficacy

C1 large medium yes positive high
C2 large low yes neutral low
C3 small low yes negative low
C4 medium medium yes neutral high
C5 medium medium yes neutral low
C6 medium high yes positive high
C7 large high no negative high
C8 small low no positive low

Table 5.2: An example of a decision table.

Note that the first attribute, the name of the compound, is used only for

the purpose of identifying instances. Since it does not come from any kind of

measurement and is arbitrarily assigned to each instance, it is not a part of the

information system and should not be used to classify instances.
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5.2.1 Indiscernibility

The notion of indiscernibility lies in the very core of the rough set theory. Intu-
itively, two objects are indiscernible if it is not possible to distinguish between
them on the basis of a given set of attributes. Indiscernibility is a function of
these attributes; an equivalence relation defined on a given set of attributes
[88, 67]. For each set of attributes a binary indiscernibility relation can be

defined as a set of pairs of objects that are indiscernible given these attributes.

For instance (see Table 5.2) drug candidates C4 and C6 are indiscernible on

the basis of {size,aromatic?} but once {charge} or {polarity} is included,
they become discernible.

All the objects that are indiscernible on the basis of a given set of attributes
are said to belong to the same equivalence class. In Figure 5.1 each square
represents an equivalence class. The indiscernibility relation partitions a set
of objects into a number of equivalence classes.

If A = (U,A) is an information system then for any B ⊆ A there is an asso-

ciated equivalence relation INDA(B) [67, 85]:

INDA(B) = {(x,x′) ∈U2 | ∀a∈B ax = a(x′)} (5.1)

INDA(B) is called the B-indiscernibility relation. If (x,x′) ∈ INDA(B) then
objects x and x′ are indiscernible on the basis of the attributes from B. The
equivalence class of the B-indiscernibility relation for object x is denoted [x]B.

Coming back to our example, we can write: IND({polarity,aromatic?}) =
{{C1,C4,C5},{C2,C3},{C6},{C7},{C8}}.

Now, it is convenient to present indiscernibility relations in the form of
a discernibility matrix. For an information system that contains n instances,

a discernibility matrix is a square, symmetric n× n matrix with entries ci j
[67, 85]:

ci j = {a ∈ A|a(xi) �= a(x j))} for i, j = 1, . . . ,n (5.2)

Each entry contains the set of attributes upon values of which instances xi and

x j differ. The full-discernibility (based on all the condition attributes) matrix
for our example is presented in Table 5.2.1.
Given a classification task, it is more interesting to see which attributes discern
between the decision classes. This type of information is contained in the so-
called decision-relative discernibility matrix that can be easily derived from

an ordinary discernibility matrix by considering only differences between in-

stances with different decision classes. A decision-relative discernibility ma-

trix for our example is presented in Table 5.2.1.

5.2.2 Rough approximation of a set

A set can be defined in a crisp manner when for each equivalence class all

the objects that belong to that equivalence class share the same value of the
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[C1] [C2] [C3] [C4] [C5] [C6] [C7] [C8]

[C1] /0

[C2] p,c /0

[C3] s,p,c s,c /0

[C4] s,c s,p s,p,c /0

[C5] s,c s,p s,p,c /0 /0

[C6] s,p s,p,c s,p,c p,c p,c /0

[C7] p,a,c p,a,c s,p,a s,p,a,c s,p,a,c s,a,c /0

[C8] s,p,a s,a,c a,c s,p,a,c s,p,a,c s,p,a s,p,c /0

Table 5.3: A full discernibility matrix derived for the discussed information system
(Table 5.2). Attribute names are abbreviated to one-letter codes: s – size, p – polarity,
a – aromatic?, c – charge., /0 – indiscernible.

decision attribute. However, if there are some objects that are indiscernible

on the basis of their condition attributes but that have the same value of the

decision attribute, the set cannot be defined in a crisp manner. In our example

(Table 5.2), objects C4 and C5 belong to the same equivalence class but they

have different values of the decision attribute. The equivalence classes let us

construct the rough approximation of a set [88, 67, 85].
A collection of all the equivalence classes where all the members share a

given value of the decision attribute is called the lower approximation of the
set. In our example the lower approximation of the “high efficacy” concept is:

E f f icacy : high = {C1}∪{C6}∪{C7} (5.3)

Similarly, a collection of all the equivalence classes where at least one member
has a given value of the decision attribute is called the upper approximation of

the set. In our example the upper approximation of the “high efficacy” concept

is:
E f f icacy : high = {C1}∪{C4,C5}∪{C6}∪{C7} (5.4)

Now we will define the above introduced concepts in a formal way. Through-

out Definition 4-Definition 8 we will be considering information system A =
(U,A) where B ⊆ A and X ⊆U (see also [67, 85].

Definition 4. The lower approximation B(X) of a set is a union of all equiva-
lence classes which are fully included in that of X.

B(X) = {x | [X ]B ⊆ X} (5.5)
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[C1] [C2] [C3] [C4] [C5] [C6] [C7] [C8]

[C1] /0

[C2] p,c /0

[C3] s,p,c /0 /0

[C4] /0 s,p s,p,c /0

[C5] s,c /0 /0 /0 /0

[C6] /0 s,p,c s,p,c /0 p,c /0

[C7] /0 p,a,c s,p,a /0 s,p,a,c /0 /0

[C8] s,p,a /0 /0 s,p,a,c /0 s,p,a s,p,c /0

Table 5.4: A decision-relative discernibility matrix derived for the discussed informa-
tion system (Table 5.2). Attribute names are abbreviated to one-letter codes: s – size,
p – polarity, a – aromatic?, c – charge., /0 – indiscernible.

Definition 5. The upper approximation B(X) of a set is a union of all equiv-
alence classes which have a non-empty intersection with that of X.

B(X) = {x | [X ]B ∩X �= 0} (5.6)

It can be shown that the lower approximation will be always fully contained

within the upper approximation [88, 67, 85]. Equivalence classes that belong

to the upper approximation but do not belong to the lower approximation are

constituting the boundary region. In our example, objects C4 and C5 are in

the boundary region. Such objects cannot be classified as belonging to or not

belonging to X . Formally the boundary region is [88, 67, 85]:

Definition 6. The boundary region of a set is a union of equivalence classes
that belong to the upper approximation of the set but do not belong to the
lower approximation:

BNB(X) = B(X)−B(X) (5.7)

Finally, the B-outside region is constituted by all the equivalence classes where

all the drugs have “low effiacy”. In our case drugs {C2, C3, C8} belong to the

B-outside region. Formally [67],

Definition 7. The B-outside-region of a set is a union of all equivalence
classes that do not belong to the upper approximation of the set.

B−outside region o f X = U −B(X) (5.8)

Having defined set approximations, we can proceed further towards defin-

ing a set in a rough manner [67]:
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Definition 8. A rough set is a tuple: {B(X),B(X)}. When the lower and the
upper approximations are equal, i.e., when B(X)−B(X) = /0 the set is crisp
(or standard).

Figure 5.1: Rough approximation of a set.

Rough set can be also characterized numerically by the accuracy of approx-
imation coefficient αB.

Definition 9. The accuracy of approximation is:

αB(X) =
|B(X)|
|B(X)| (5.9)

where |X | denotes the cardinality of X �= /0.

We should notice that 0≤αB(X)≤ 1. If X is crisp with respect to B, αB(X) = 1

and we can say that X is precise with respect to B. Otherwise αB(X) < 1 and
X is rough (or vague) with respect to B [67].

In the classical set theory, an element either belongs to a set or not and the
corresponding membership function takes only two values: one and zero (true
and false). In rough set theory the rough membership function quantifies the

degree of relative overlap between the set X and the equivalence class [x] to
which element x belongs (see Figure 5.2) [67, 85].

Definition 10. The rough membership function μB
X : U → [0,1] is:

μB
X (x) =

|[x]B ∩X |
|[x]B| (5.10)
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Figure 5.2: Meaning of the rough membership function. a) μB
X (x) = 0; b) μB

X (x) < 1;

c) μB
X (x) = 1.

The rough membership function can be used to define set approximations and
the boundary region of a set [67]:

BX = {x ∈U : μB
X (x) = 1} (5.11)

BX = {x ∈U : μB
X (x) > 0} (5.12)

BNB(X) = {x ∈U : 0 < μB
X (x) < 1} (5.13)

The rough membership function can be interpreted as a frequency-based es-

timate of the conditional probability Pr(x ∈ X |x ∈ [x]B) that element x belongs
to set X given the information provided by attributes B [89].

Rough sets are often compared to fuzzy sets introduced by Zadeh [125].
One of the differences between these approaches is the character of the set
membership function. The classical fuzzy membership function does not have
probabilistic interpretation and is defined in an arbitrary way. While fuzzy set
theory expresses vagueness by means of the degree of set membership, rough
set expresses vagueness by employing a boundary region of a set. Rough set
theory clearly distinguishes two important concepts: vagueness and uncer-
tainty. Vagueness is the property of sets can be expressed by approximations;
uncertainty is the property of elements of a set and can be expressed by the
rough membership function [89].
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5.2.3 Reducts

A discernibility matrix can be presented in the form of a corresponding
Boolean discernibility function. The discernibility function fd(B) computes
the minimal sets of attributes from B that are required to discern a given
equivalence class from all the others [67, 85, 111]. For the discussed
decision-relative discernibility matrix, Table 5.2.1, the discernibility function
takes the following form:

fd(s, p,a,c) = (p∨c)∧
(s∨ p∨ c)∧
(s∨ p)∧ (s∨ p∨ c)∧
(s∨ c)∧
(s∨ p∨ c)∧ (s∨ p∨ c)∧ (p∨ c)∧
(p∨a∨ c)∧ (s∨ p∨a)∧ (s∨ p∨a∨ c)∧
(s∨ p∨a)∧ (s∨ p∨a∨ c)∧ (s∨ p∨a)∧ (s∨ p∨ c)

and after removing redundant terms and simplification it becomes:

fd(s, p,a,c) = (p∨ c)∧ (s∨ p∨ c)∧ (s∨ p)∧
(s∨ c)∧ (p∨a∨ c)∧ (s∨ p∨a)∧ (s∨ p∨a∨ c)

= (p∧ s)∨ (p∧ c)

Formally [67, 111],

Definition 11. For an information system A the discernibility function is [67,
111]:

fA(a∗1, . . . ,a
∗
m) = ∀{∃c∗i j|1 ≤ j ≤ i ≤ n,ci j �= /0}, (5.14)

where a∗1, . . . ,a
∗
m are m Boolean variables corresponding to attributes

a1, . . . ,am and c∗i j = {a∗|a ∈ ci j}.

A prime implicant of a function is an implicant that cannot be covered by a

more general (i.e., more reduced, with fewer literals) implicant. In our exam-

ple, each of the (p∧ s),(p∧ c) prime implicants determines a reduct, i.e., the
minimal set of attributes that is preserving the original indiscernibility relation
based on all the attributes [67, 88, 89].

Definition 12. The reduct is the minimal set of attributes that preserve indis-
cernibility relation between objects. In other words, P ⊆ Q is a reduct of Q if
P is minimal among all subsets of Q which yield the same classification as Q:
INDB(P) = INDB(Q).

The attributes within a reduct are independent and none of them can be omit-

ted for the description of Q.
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5.2.4 Rules

Reducts are very useful when constructing a classifier. IF-THEN classification
rules are constructed by reading off the values for each attribute in the reduct
and associating them with one or more decision classes [67, 76, 4, 89, 88].
The IF-part of a rule is called the antescendent or premise and the THEN-part
is called the consequent. Given the previously found {p,s} reduct we can read

the rule off the C4 drug candidate:

IF Size is medium AND Polarity is medium THEN Efficacy is high

and off the C5 drug candidate:

IF Size is medium AND Polarity is medium THEN Efficacy is low

Since the decision class is rough with respect to both “Polarity” and “Size”,
the THEN part of the rule derived from both the C4 and C5 is

IF Size is medium AND Polarity is medium THEN Efficacy is high OR Effi-
cacy is low

The fraction of instances from the decision class in the THEN-part that also

match the IF-part is called coverage. Coverage measures the generality of a
rule. The fraction of instances that match the IF-part and are from the decision
class of the THEN-part is called accuracy. Accuracy tells how specific a rule
is. An ensemble of rules read off all the objects in the training set constitutes
a classifier. A new instance is classified by first identifying all the rules where
the IF-part matches attribute values of this instance. Once the matching rules
are identified, they cast votes to the decision classes accordingly to the THEN-
parts. The number of instances that match both the IF-part and the THEN-part
of a rule is called support. Each rule casts a number of votes that is propor-

tional to the support of the rule and to its generality (more general rules cast

more votes). Finally, the decision classes that received the fraction of votes

that is higher than a given threshold value (determined by ROC analysis) are

considered predictions. If cost of making false negative predictions and false

positive predictions is equal, usually the ROC point closest to the (0, 1) point

is used [92, 122, 54, 75].

5.2.5 Rule shortening and generalization

Noise is inherent to any type of experimental data. Using these data for train-

ing may result in very specific rules that do not describe true dependencies in

the universe [76, 4]. In such case, rules are often long and have low support

[76]. One solution to this problem is rule filtering, e.g., discarding all the rules

that have support below certain threshold. Another way to alleviate this prob-

lem is rule shortening. We use rule shortening and generalization method pro-

posed by M akosa [76]. Short rules are obtained by removing some descriptors

from the IF-part of a rule. The choice of the right subset of descriptors that will
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constitute the IF-part of the shortened rule is the crucial step in the shortening

process. The goal is to obtain a rule which is better at classifying instances

from the part of the universe not included in the training data. Shortening a

rule may result in the drop of its accuracy and it is up to the operator to set the

maximal acceptable value α of the drop. Let us consider a possible scenario of
rule shortening and generalization. Here, instead of descriptive labels such as
“low”, “medium”, “high”, value intervals are considered. The following rules:

IF f1 = (−∞,25.0] AND f2 = (0.45,2.0] AND f3 = (0.2,0.7] THEN d1

IF f1 = (1.5,22.0] AND f2 = (2.0,5.0] AND f3 = (0.2,0.7] THEN d1

IF f1 = (−∞,25.0] AND f2 = (2.0,5.0] AND f3 = (0.2,0.7] THEN d1

First step is rule shortening which involves removing these descriptors that
do not result in the drop of accuracy larger than the preset value α . Let us
assume that in the case of all the above rules, the removal of the f3 descriptor

transpired to have very little influence on accuracy. The shortened rules will

be:

IF f1 = (−∞,25.0] AND f2 = (0.45,2.0] THEN d1

IF f1 = (1.5,22.0] AND f2 = (2.0,5.0] THEN d1

IF f1 = (−∞,25.0] AND f2 = (2.0,5.0] THEN d1

Now, the feature values (here intervals) can be merged if this do not cause the

drop of rule accuracy exceeding α:

IF f1 = (−∞,25.0] AND f2 = (0.45,5.0] THEN d1

The resulting ensemble of general rules (in our example just one rule) is ex-
pected to be better in classifying instances not included in the training set and,
thus, minimizes the risk of over-fitting.

5.3 Tree-based methods

In the following sections I discuss a family of methods that are based on
or make use of decision-trees. Among others, the family encompasses: ran-
dom forests, Monte Carlo feature selection and Monte Carlo feature selection
and interdependency discovery. Decision trees that can be defined in terms of
graph theory:

Definition 13. A graph G consists of a finite set V of vertices an a set E of
two-subsets of V, members of which are called edges. It is denoted as

G = (V,E) (5.15)

where V is the vertex set and E is the edge set [16].
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The usual way to visualize a graph is to draw a dot for each vertex and to join

two of these dots with a line if the corresponding vertices constitute an edge

[34, 16].

Figure 5.3: Visualization of a graph G = {V,E}, where V = {1, . . . ,5}, E =
{{1,2},{1,3},{2,3},{2,5}}.

An edge is a directed edge if it is a one-way route between the nodes it con-
nects, which is graphically represented as an arrow. A graph is directed when

its edges are directed. A graph is acyclic if for every vertex there exist no series
of edges connecting the vertex with itself. Finally, a graph is connected if for

every pair of vertices there exist a series of edges that connects the members

of that pair [16]. Graphical interpretation of the introduced terms is provided

in Figure 5.4.

Figure 5.4: Various graph types: an undirected cyclic graph (a); a directed cyclic graph

(b) and a directed acyclic graph (c).

A tree is defined as an acyclic and connected graph. It can be either directed
or undirected. A directed tree is presented in Figure 5.5. The top-level vertex
is called the root. The down-level vertices are called children. In machine
learning, vertices are also called nodes. Every node in a tree, except the leaf-
nodes, has children, i.e., lower-level nodes that are connected to this parent
node. A tree where every node has at most two children is called a binary tree
[16].
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Figure 5.5: An example of a directed binary tree.

5.3.1 Decision trees

A decision tree (or a classification tree) defined as a directed, acyclic and
connected graph is a mathematical object frequently used to represent a clas-
sification process [122]. First, classification trees were introduced in social
sciences, in the early 1960s and by the end of the 1970s they had become
widely used in the domain of machine learning [99, 70]. In machine learn-
ing, a specific terminology is used to describe classification trees. Vertices
are called nodes and series of edges are called paths. The top-level vertex is

called the root it is connected to its child nodes that in turn have their own
children and so forth. The vertices that do not have any child-nodes are called
the leaves. The terminology is explained in Figure 5.5.

Decision trees are a natural way of representing a classification process

[70]. Nodes of a decision tree involve testing a particular attribute and leaf-

nodes provide the classification that applies to all the instances that reached

that particular leaf-node. Typically, the test at a node compares an attribute

value with a constant, but sometimes two attributes are compared or a more

complex function of one or more attributes is used to direct an instance to the

next node. Leaf nodes give a classification, a set of classifications or a prob-

ability distribution over all possible classifications that apply to all instances

that reach the leaf. Initially, an instance to be classified is placed at the root of a

decision tree. In the root, the first test is performed and the instance is directed

to an appropriate child-node where yet another test is performed. The instance

is routed further down the tree reaching subsequent test-nodes to finally reach

a leaf where it is classified [122, 70].

The process of constructing a decision tree can be expressed in a recursive
way. Let us consider construction of a binary decision tree. At the beginning,
all training instances are placed at the root node. First, an attribute that will

56



be used for testing at the root node has to be selected. This splits the set of

training instances into two subsets corresponding to the possible outcomes of

the test. This process can be repeated recursively for each branch using only

the instances that reached that branch. Once all instances that reached a branch

belong to the same class, the development of that part of the tree is terminated.

Let us consider the following data set:

Size Charge Polarity Is aromatic? Is metabolized?

small neutral high FALSE non-metabolized
large neutral high TRUE non-metabolized
small positive high FALSE non-metabolized
small positive high TRUE non-metabolized
large negative low TRUE non-metabolized
medium negative low TRUE metabolized
small neutral low TRUE metabolized
medium neutral high TRUE metabolized
medium positive high FALSE metabolized
medium positive low FALSE metabolized
small negative low FALSE metabolized
large neutral high FALSE metabolized
large neutral low FALSE metabolized
large negative low FALSE metabolized

Table 5.5: Simple training set.

When constructing a decision tree, one would like to minimize the num-

ber of nodes and maximize classification accuracy at the same time. A model

should be at the same time simple and useful for classification. Let us consider

a top-down approach to the construction of a decision tree. First, we have to se-

lect the best attribute to split. But what does “the best” mean? We will use the

information gain ratio measure. Initially, there are 14 instances in our data set
(Table 5.5): 9 labelled as “metabolized” and 5 labelled as “non-metabolized”.
Before making any splits, we can compute the information value for the entire

dataset:

info([ 9, 5 ]) = − 9

14
· log2

(
9

14

)
− 5

14
· log2

(
5

14

)
= 0.940 bits (5.16)

Now, let us consider the “size” attribute. One can split the data set on “size”

as illustrated in Figure 5.6:
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Size

metabolized
metabolized
metabolized
metabolized

medium

metabolized
metabolized
non-metabolized
non-metabolized
non-metabolized

metabolized
metabolized
metabolized

non-metabolized
non-metabolized

small large

Figure 5.6: An example split. Here on “Size”.

Such a split results in somehow more ordered data – we have one pure “me-

tabolized” class. The number of “metabolized” and “non-metabolized” classes

at the leaf nodes are: [2, 3], [4, 0] and [3, 2] respectively. The information val-

ues at these nodes are:

info([2, 3]) = −2

5
· log2

(
2

5

)
− 3

5
· log2

(
3

5

)
= 0.971 bits (5.17)

info([4, 0]) = −4

4
· log2

(
4

4

)
− 0

4
· log2

(
0

4

)
= 0 bits (5.18)

info([3, 2]) = −3

5
· log2

(
3

5

)
− 2

5
· log2

(
2

5

)
= 0.971 bits (5.19)

An average information value of these can be easily calculated by taking into
account the number of instances that go down each branch, in our case: 5
instances down the“small” branch, 4 instances down the “medium” branch
and 5 down the “large” branch. Now we can compute:

info([2, 3], [4,0], [3,2]) =
5

14
·0.971+

4

14
·0+

5

14
·0.971 = 0.693 bits

(5.20)

This average represents the amount of information that is expected to be nec-

essary to specify the class of a new instance, given the tree structure. Now

we shall recall the (Equation 5.16) where the amount of information before

performing any splits was 0.940 bits. Finally we are ready to calculate how
much we gained by splitting the data on “size”:

gain(‘size‘) = info([9, 5])− info([3, 2], [4, 0], [2, 3])
= 0.940−0.693 = 0.247 bits (5.21)
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However, information gain is not the perfect measure to decide on the best

split. Why? It will favor the attributes that have many possible values. In the

extreme case, if each instance has a “unique id”, this attribute will be used to

construct the best and the only split. To correct for this, we need to compute

the split information value of the attribute. We do it by ignoring the decision
classes and taking into account only the fact that splitting on the attribute
“size” will result in 3 branches, containing 5, 4 and 5 instances respectively:

split info(‘size‘) = info([5, 4, 5]) = info([5, 9])+
9

14
·info([4, 5]) = 1.577 bits

(5.22)

Now we are ready to compute the final measure, the information gain ratio:

gain ratio(‘size‘) =
gain(‘size‘)

split info(‘size‘)
=

0.247

1.577
= 0.157 bits (5.23)

An attribute with the highest gain ratio will be used to construct the first node.

By applying this procedure recursively, one will end up with the complete

decision tree which, for this particular classification problem, is presented in

Figure 5.7.

Size (9/5)

Polarity (2/3) Is aromatic? (3/2)
metabolized

(4/0)

non-metabolized
(0/3)

metabolized
(2/0)

metabolized
(3/0)

non-metabolized
(0/2)

small medium large

high low FALSE TRUE

Figure 5.7: An example of a decision tree. A decision tree for the data from Table 5.5

has been constructed with the J48 algorithm as implemented in WEKA suite [122].

The actual number of objects belonging to a given class that reached the given node

or leaf is given in parentheses: (metabolized/non-metabolized).
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5.3.2 Combining classifiers - bagging

Unfortunately, decision tree-based classifiers are quite sensitive to slight
changes in the training data and, when limited training data is available,
their predictions can be unstable [122]. Bagging (bootstrap aggregating) is

an algorithm that relies on using random subsets of the original training

data to construct a large number of (often not very accurate) classifiers that

all together will yield accurate and stable predictions. In bagging, each

random subset is prepared by randomly drawing (with replacement) N
objects from the original training set that also contains N objects [122, 70].
We can consider a classification problem with two possible decisions and
assume that we have a number, Nc, of independent classifiers and that the
probability of assigning the wrong class-label to an instance is the same
for each classifier and equals 0.4. Thus, each classifier gives right answers

with the probability of 0.6. Naturally, among all the decisions taken by the
Nc classifiers, we expect 0.6 ·Nc to be correct (variance = 0.4 · 0.6 ·Nc and

standard deviation = 0.4899
√

Nc). It follows that the probability that the
majority of the classifiers gives correct answer increases with the number
of the classifiers. Therefore the decision returned by the majority of a
sufficiently large number of medium-quality, independent classifiers can be
accurate. This observation led to the introduction of bagging. In 1996 Leo
Breiman applied bagging to create an ensemble of tree-based classifiers
where a random selection (without replacement) of instances from the
training set was made to grow each tree an the final decision was a result of
voting [19, 70].

5.3.3 Random forests

Interest in bagging and other methods of combining multiple classifiers into
one led Breiman to the invention of Random Forest in 2001. The name ran-
dom forest pertains also to a general concept denoting the whole family of
classifiers that combine decision trees. A random forest is an ensemble of
classification trees where each tree is constructed using a random vector that
governs the growth of the tree. Let k decision trees constitute a random for-
est. For each tree a random vector Θk is generated that is independent of the

past random vectors Θ1, . . . ,Θk−1 but has the same distribution. Now, a tree is
grown using the training set and Θk resulting in a classifier h(x,Θk) where x
is an input vector.

Definition 14. A random forest is a classifier consisting of a collection of tree-
structured classifiers {h(x,Θk),k = 1, . . .} where the {Θk} are independent
identically distributed random vectors and each tree casts a unit vote for the
most popular class at input x [19].
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For instance, in bagging the random vector Θ is generated as the number of

units in N boxes resulting from N darts thrown at random at the boxes, where
N is the number of examples in the training set [19] .

In Breiman’s approach to random forest construction, yet another source of

randomness is used: in each tree of the forest a randomly selected subset of

original attributes is used at each node [19, 28]:

1. From the original training set containing N objects and M attributes draw

randomly with replacement n = N observation vectors.
2. For each node of the tree select m out of the original M attributes (m << M)

and determine the best split at the node using only the selected attributes.
As a rule of thumb, Breiman suggests to set m =

√
M.

3. Each tree is grown to the largest extent and not pruned.

This algorithm is used to construct a number, τ , of decision trees that con-
stitute a random forest. Every new instance with unknown decision class is
classified by all the τ trees and each tree casts a vote to one of the decision
classes. The class that received the majority of votes is the final decision for
the instance.

I have already mentioned (page 39) that in bootstrap approximately 1
3 of

the instances from the original training set are not present in a given boot-

strap sample. In random forests-related terminology the instances not used for

tree construction are called out-of-bag instances. The out-of-bag instances are
used to assess the performance of the random forest classifier, but they can be
also used to build a ranking of feature importance. Suppose that there are M
features and each time a new tree is constructed, values of the m-th feature are
permuted in all the out-of-bag instances and the instances are run down the
tree. The classification that is assigned to each xn that is out-of-bag is saved.
This is repeated for m = 1,2, . . . ,M. At the end the number of out-of-bag class-

votes for xn with the m-th feature reshuffled is compared with the true class
label of xn. This gives a relative importance of the m-th feature [19, 70].

Random forests are considered to be one of the best off-the-shelf classifiers

currently available and many authors recommend them as the first choice clas-

sifiers when working on a new data set. However, when the training data con-

tains a lot of noise, random forests are prone to overfitting [107]. Also, when

the training data contains a lot of irrelevant features and correlated features,

random forests do not perform well [50]. These problems can be alleviated by

the application of feature selection prior to constructing the classifier. While

the built-in feature ranking procedure is a good way to get an idea of the im-

portance of features, it can fail to produce reliable rankings in some cases.

As it relies on reshuffling values of a single attribute at a time, it may give

false results when two or more attributes co-operate in determining the out-

come [40]. Also, the more values an featuree has, the less noise is introduced

by simple reshuffling. Similarly, an uneven distribution of feature-values can

lead to erroneous assessment of the importance of that feature. While these
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problems are not pronounced in the case of many data sets, experimental data

coming from biological studies often contains noise, and it is not uncommon

that the outcome is determined by an interplay of a number of features that,

when considered separately, do not appear to be relevant.

5.3.4 Monte Carlo feature selection and interdependency
discovery

Also our current implementation of Monte Carlo feature selection (MCFS)

method uses ensembles of decision tree-based classifiers. Let us assume that

the original data set contains N instances and M features; each object is an-
notated with a decision class label. MCFS procedure involves the following
steps (see also Figure 5.8):

1. Set the parameter m << M. Select s subsets, each consisting of m different
features. The m features are selected in a random fashion without replace-

ment.
2. For each subset s, construct t trees, each trained using a different, randomly

selected subset of N objects. Each time the original set of N objects is ran-

domly split into a training set (0.66 ·N) and a test set (0.33 ·N) preserving
the original decision-class proportions.

3. For each tree constructed using a given training set, use the corresponding
test set to evaluate the tree.

Eventually s · t trees are constructed and evaluated. Provided sufficiently large
s and t, each feature has the chance of appearing in many different subsets s of

features and the randomness that is inherent to the natural variability of data

is properly accounted for.

Figure 5.8: Schematic representation of the main steps of the MCFS procedure. After

[40].

The simplest approach to determining the importance of a feature would be
to examine how many times a split was made on the feature in all the trees.
The most important features are expected to be used more frequently than the
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less important ones. However, such a measure does not take into account the

information gain achieved at the split, the number of instances in the split node

and the accuracy of the entire tree. In the MCFS method, the final importance

measure is therefore weighted. First, let us define weighted accuracy.

Definition 15. Let ni j denote the number of instances from class i classified
as belonging to class j. For a classification problem with c classes weighted
accuracy is the mean of c true positive rates:

wAcc =
1

c

c

∑
i=1

nii

ni1 +ni2 + . . .+nic
(5.24)

Please note that if a split is made on a particular feature gk, the more infor-
mative the feature is, the higher wAcc of the whole tree, information gain and

the number of instances at the node are. Information gain can be measured by

gain ratio as discussed in the “Decision trees” section (page 56). Finally, the

relative importance of a feature is defined as:

Definition 16. Let there be s · t trees, τ denotes the τ-th tree in a sequence, ngk
is the number of nodes in the τ-th tree where the split is made on feature gk,
IG stands for any measure of information gain and ninst stands for the number
of instances. The number of instances in the root is denoted ninst(τ). Both u
and v are parameters to be set by the experimenter. The relative importance
of the gk feature is defined as:

RIgk =
st

∑
τ=1

(wAcc)u ∑
ngk (τ)

IG(ngk(τ))
(

ninst(ngk(τ))
ninst(τ)

)v

(5.25)

The two parameters u and v allow for penalizing the trees with low values of
wAcc and the nodes with a small fraction of instances respectively.

Now, for fixed m, t, u and v the MCFS procedure is run iteratively, with the
increasing number of subsets s, e.g., s = s1,s1 + 10,s1 + 20, . . . and for each
run a ranking of feature importance is recorded. The procedure is terminated
when the two subsequent rankings of features are sufficiently similar. To mea-
sure the similarity, the distance between two rankings is defined (for details
see Paper II). Once the final ranking of features is available, an additional per-
mutation test is made (a number of MCFS rankings produced using permuted
decision attribute) and the cut-off value is determined using Student’s t-test.
The features that in the final ranking scored below the determined cut-off are
considered unimportant. Once the list of significant features is obtained, an-
other question arises: How do the features co-operate in determining the out-
come?

In order to be able to address this question we proposed (Paper II) an ex-
tension to the MCFS procedure. We call our approach MCFS-ID. The interde-
pendency discovery (ID) part of the MCFS-ID procedure allows for pairwise
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analysis of interacting features. In each MCFS-constructed tree a node repre-

sents a feature on which a split was made. Clearly, the distance between any

two nodes in a tree averaged over all the s · t trees reflects the degree of inter-
dependency between these nodes. The distance between two nodes is simply
defined as the number of edges in the path connecting the nodes. Now an
interdependency measure can be introduced.

Definition 17. Let ξτ denote a path in the τ-th tree, dist denote distance and
the remaining symbols are the same as used in Definition 16. The dependency
between two features gi and g j is:

Dep(gi,g j) =
st

∑
τ=1

∑
ξτ

∑
ngi (ξτ ),ng j (ξτ )

1

dist
(
ngi(ξτ),ng j(ξτ)

) (5.26)

Dep(gi,g j) calculated on the basis of thousands of trees provides stable and
reliable information about the strength of interdependency between the two
features. Figure 5.9 shows an example of an inderdependency graph generated
by our method.

Figure 5.9: An example of an interdependency graph. The interdependency relation

is not transitive: the fact that A and B as well as B and C are pairwise interdependent

does not imply that A and C are pairwise interdependent.

In an interdependency graph a pair of interdependent features is represented

by a pair of nodes connected by an edge. We should note that the interdepen-

dency relation is not transitive, i.e., the fact that A and B as well as B and C

are interdependent does not imply that A and C are also interdependent. In

order to get a deeper insight into the character of an interdependency, further

analysis is required. In the case of HIV-1 resistance to drugs we mapped the in-

teracting features onto the 3D structure of the RT (Paper III). The mapping let

us interpret the observed interdependencies in terms of molecular interactions

leading to resistance. Yet another approach to the interpretation of interdepen-

dency graphs is to build a rule-based model using interdependent features and

mapping the obtained rules onto the corresponding graph. We took such an

approach in Paper IV where we analyze interdependency networks that char-

acterize post-translational modification sites.
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While relying on the construction of a large number of decision trees,

each trained on a randomly chosen subset of the original data, the MCFS-ID

method is substantially different from Breiman’s random forests. In

MCFS-ID, a random subset of features is selected before constructing the

tree. In random forests this selection is made at each node of the tree in

order to maximize the degree of independence between the single decision

trees. This, in turn, results in the minimization of classification variance. In

contrast to RF, MCFS-ID aims at selecting significant features rather than at

classifying instances and hence the different approach to attribute selection.

In MCFS-ID the final importance of an attribute is measured by taking into

account its importances in all the s · t trees.

These two methods differ also in their approach to feature selection. In ran-
dom forests, feature selection involves introducing noise to the values of one
feature at a time and measuring its effect on classification. As discussed in
the subsection devoted to random forests (page 5.3.3), this may cause prob-
lems when two or more features are strongly correlated, when the distribution
of feature values is uneven or when there are many insignificant features in
the training data. The MCFS-ID method uses different measure of feature im-
portance. Instead of introducing random noise to one feature at a time and
measuring its importance in terms of the change of the classification quality,
MCFS-ID uses an importance measure based on the importance of a feature in
all the s · t trees. Thanks to this approach MCFS-ID can asses the importance

of even highly correlated features.
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6. Results and Discussion

In this section a brief summary and discussion of results presented in the in-

cluded papers is provided.

6.1 Paper I – rough set-based model of HIV-1 resistome

High mutability of the viral enzyme reverse transcriptase results in the rapid

emergence of HIV mutants. The vast majority of the acquired mutations has

a negative effect on viral replication rate and it is the wild-type strain that

dominates in the viral population. However, once an anti-viral treatment is ap-

plied, the mutations that give resistance to the applied drug are favored and

drug-resistant strains quickly dominate in the population. The drug-resistant

viruses are responsible for the majority of treatment failures, efficiently un-

dermining the efforts to cure AIDS. Reverse transcriptase, along with another

viral enzyme, called HIV protease, is the main target for anti-viral therapies.

A number of mutations leading to drug resistance have been observed in RT

but the sequence-resistance relationship remains only partially understood.

In Paper I we present a rough-set based approach to modeling HIV-1
resistance to reverse transcriptase inhibitors. We analyze a number of RT
sequences coming from over 15 years of HIV proteome research. Each such
sequence is annotated with a drug-resistance level relative to the wild-type
strain. Using Monte Carlo feature selection followed by the application of
rough set theory we constructed rule-based models of HIV resistance to
eight reverse transcriptase inhibitors. The models consider mutation-induced
changes in the physicochemical properties of the enzyme and relate these
changes to drug-resistance levels. Thanks to the application of the MCFS
method, only the properties that significantly contribute to the emergence of
resistance are considered by the models.

The obtained results show that drug-resistance is determined in a more com-

plex way than previously assumed. We confirmed the importance of several

known drug-resistance mutations, revised the view on the importance of some

other mutations and – more importantly – identified a number of previously

overlooked mutations that are potentially relevant. By mapping the newly

discovered mutations on the 3D structure of the enzyme, we were able to

propose possible molecular mechanisms of mutation-induced drug-resistance.

We have also validated our findings in literature studies. The obtained mod-
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els are general and can be applied to predict resistance of previously unseen

cases.

6.2 Paper II – towards understanding feature
interdependencies

Rapid development in the life sciences makes it necessary to go beyond tra-

ditional machine learning techniques. A life scientist is often interested in

knowing which features contribute to classifying observations, how signif-

icant these features are and what are the interdependencies between them.

Even the most accurate classifier will not increase our knowledge if it lacks

an interpretational layer. In Paper I we used the Monte Carlo approach to fea-

ture selection [40]. The application of MCFS resulted in the discovery of sev-

eral mutations that lead to drug resistance. Many of the discovered mutations

have been reported in the literature. We also found some mutations that pos-

sibly contribute to resistance but have been overlooked. Using the knowledge

of significant mutations, we constructed a number of accurate and easy-to-

interpret rule-based classifiers. However, drug resistance is a complex prob-

lem and it is rather an interplay of several mutations than a single mutation

that leads to drug resistance. Therefore the remaining issue was to determine

how the MCFS-selected mutations interdepend on each other when creating

resistance.
To this end, we significantly extended the MCFS method so that it does

not only detect and rank significant features, but also finds significant interde-

pendencies between them. First, we introduced a method for finding a cut-off

between significant and non-significant features. Having an MCFS ranking of

feature importances, a number of randomization tests was performed to assess

the probability of a particular feature receiving its rank by chance. Once the

cut-off was determined, we proceeded to finding significant interdependencies

between the selected features. The reliability of the approach rests on the mul-

tiple construction of tree classifiers. Each classifier was trained on a randomly

chosen subset of the original data using only a subset of features. For each pair

of features, we recorded the distance between them in the tree, their impor-

tance for classification and the accuracy of the tree. These values were used to

compute the strength of interdependency between the features. By averaging

interdependency strengths over all the trees, we obtained the final measure of

interdependency between the features.

We illustrated the MCFS-ID method on a task of modeling HIV-1 resistance
to an anti-viral drug, Didanosine.

The approach proposed in Paper II makes analysis of feature interactions

independent of the choice of classification method. The MCFS-ID method

gives the researcher more flexibility and the ability to get insight into the actual

process of classification.
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6.3 Paper III – molecular interaction networks
underlying HIV-1 resistance

In Paper III we applied MCFS-ID in order to understand interdependences be-

tween physicochemical features at the sites forming the HIV-1 RT resistome.

We examined resistance to six drugs used in anti-HIV therapy: four nucleo-

side RT inhibitors, one nucleotide RT inhibitor and one non-nucleoside RT

inhibitor. For each drug we obtained a network of 20% of the most signifi-

cant interdependent physicochemical features of mutating amino acids. The

obtained results show the complexity of the HIV-1 resistome. Particularly re-

sistance to abacavir and resistance to nevirapine are described by complex

networks. To validate our findings, we mapped the selected significant sites

onto the 3D structure of reverse transcriptase. All interdependent pairs are lo-

cated around the active site of the enzyme. We showed that the members of an

interacting pair are often located either on the opposite sides of the active site

or within the same alpha-helix. We also found pairs that describe fingers-palm

interactions.
While some of the observed interdependences have been described in the

literature, some novel, previously neglected or overlooked interdependent

sites were observed. We hypothesize (see also Paper I) that the novel

interdependencies may play compensatory role and increase viral fitness in

the presence of drug pressure. Some of the sites might have emerged as a

result of previous therapies. To our best knowledge it is the first study that

attempts at explaining HIV resistome in terms of interdependencies between

the physicochemical properties of mutating amino acids.

6.4 Paper IV – towards predicting post-translational
modifications

In Paper IV we applied an MCFS-ID approach to post-translational modifica-

tions. We extracted a number of short (9 aa-long) protein sequence fragments

labelled with their modification status from the UniProtKB/SwissProt [10]

database. For each of the 76 examined types of modifications we created a

separate training set: an ensemble of modified and non-modified fragments.

Since recognition of a modification site by an enzyme is a molecular process

dependent on physicochemical properties of the sequence and the enzyme, we

represented each sequence fragment in terms of its physicochemical proper-

ties. The next step was the application of the MCFS-ID method to find the

physicochemical properties that determine modification sites.
For each type of modification, we constructed two random forest [19] clas-

sifiers: one using all 63 features, the other one using only the significant fea-

tures. For 59 types of modifications, MCFS-ID selected at least one signifi-

cant feature and for the remaining 17 modifications no significant feature was
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found within 9aa sequence fragment. Curiously enough, in many cases clas-

sifiers using all the features performed well, even if no significant feature was

found. This interesting finding shows the need for the application of feature

selection prior to model construction. Additional investigation is required to

determine what the influence of non-significant features is on the quality of

classification.

High-quality random forest-based classifiers that take into account only the
significant features can be used to predict modification sites in previously un-
seen protein sequences. We are planning to release our models as a publicly
available web-based server.

We also applied clustering to group types of modifications where the mod-

ification site is determined by similar patterns of physicochemical properties.

This led to several groups of modifications. Interestingly, while some of these

groups are homogenous, for example, modifications catalyzed by the same en-

zyme, the other groups consist of apparently distantly-related types of PTMs.

These groups deserve further attention.
Finally, we selected the modification of lysine to allysine catalyzed by lysyl

oxidase (LOX) as an example how MCFS-ID results can be complemented by
an ensemble of decision rules. Since abnormal LOX activity plays crucial role
in lathyrism and in cancer metastasis, understanding LOX substrate specificity
is an interesting biomedical task. Using rough sets theory we inferred 38 gen-
eral rules describing recognition site. The obtained ensemble of rules led to a
high-quality (AUC = 0.93) classifier for predicting modification to allysine.

6.5 Summary

A large number of important problems in molecular biology can be thought of
as a problem of finding a sequence-function relationship. More precisely, it is
often interesting to find a relationship between the change in protein sequence
and the change in protein function. In the papers included in this thesis, we
focused on modeling sequence-function relationship in proteins. The problem
is illustrated in Figure 6.1.

Figure 6.1: An illustration of a sequence change-induced shift in protein function.

Δseq denotes a change in protein sequence, Δfun denotes the corresponding change

in protein function. Often, but not always, Δseq is synonymous to a mutation.

In this thesis we developed a universal approach to modeling the Δseq → Δfun

relationship. We model change in function using significant physicochemical
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features and their values. To construct such models, we significantly extended

the Monte Carlo feature selection method [40] so that it can be used to ana-

lyze interdependencies between features. Thanks to using a large number of

classifiers, each constructed on randomly selected subset of the original data,

the MCFS-ID method produces statistically sound results. The application of

our method to a decision system results in a ranking of significant features

ordered with respect to their relative importance and in a graph showing in-

terdependencies between the features. The selected set of significant features

can be used to build predictive models using a machine learning method of

choice. In our research, we used rough set-based and random forest-based

approaches to modeling. Rough set models are based on a number of easy-to-

understand rules which are of particular advantage when a deeper insight into

the modeled problem is desirable. Random forests are considered to be one of

the “best off-the-shelf” classifiers and can easily deal with large data sets.
The length of a protein sequence varies from 40 to several thousand

residues with an average of about 300 amino acid residues [23]. Three

hundred amino acids, each described by just three basic physicochemical

properties (hydrophobicity, polarity and size) give 900 features. At the same

time there is only a limited, often rather small, number of sequence-variants

available for investigating the sequence-function relationship. This results

in the so-called ill-defined problems where the number of features exceeds
the number of instances. Many machine learning techniques do not perform
well on such data sets. The MCFS method can be used to reduce the
dimensionality of such problem by removing non-significant features.

To our knowledge, the MCFS-ID method presents a completely novel ap-

proach to feature-interdependency analysis. In Paper II we show on the prob-

lem of modeling HIV-1 resistome that networks of interdependent features

often reflect molecular interactions underlying the modeled phenomenon.
Using our approach, we modeled the sequence-function relationship in two

biological problems: 1) HIV resistance to drugs and 2) determination of post-

translational modification sites in proteins. In the case of HIV we were not

only able to re-discover several mutation sites previously associated with re-

sistance, but we also found some new (sometimes previously neglected) sites

that possibly contribute to drug resistance. By analyzing interdependency net-

works mapped onto the 3D structure of HIV-1 RT, we were able to propose

possible molecular mechanisms of the discovered mutations. We validated our

findings by literature studies and by careful analysis of the available 3D struc-

tures of the enzyme.

In the case of post-translational modifications we built a number of models
that can be used to predict several modification types. We showed which types
of modifications cannot be predicted using short sequence fragments. Finally,
we provided an example of combining interdependency graphs and rough set-
derived rules to get insight into the actual classification process.
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6.6 Future research

Our future research will be focused on developing the MCFS-ID method. We
would like to increase interpretability of interdependency graphs by, for in-
stance, mapping classification rules onto them. We would also like to examine
the possibility of using our approach in protein engineering, for example, to
increase thermostability of enzymes.

We would like to build more complete models of the HIV resistome by
including information on treatment history, phylogeny and on viral fitness.

Results obtained in Paper IV showed the need of considering longer se-
quence fragments when modeling certain types of modifications. We would
also like to examine 3D structures of the modification sites and include this
information in our models.
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7. Sammanfattning på Svenska

Ett stort antal viktiga problem inom molekylärbiologin kan betraktas som ett
problem att finna en relation mellan sekvens och funktion. Mer exakt, det är
ofta intressant att hitta ett samband mellan förändringen av proteinsekvens
(t.ex. en mutation) och förändringen av proteiners funktion. I artiklarna som
ingår i denna avhandling har vi fokuserat på modellering av relation mellan
sekvens och funktion på protein-nivå. Problemet illustreras i Figur 7.1.

Figure 7.1: En illustration av en sekvensförändring-inducerad shift av proteins

funktion. Δseq betecknar en förändring av proteinens sekvens, Δfun betecknar

motsvarande förändring av proteinens funktion. Ofta, men inte alltid är Δseq syn-

onymt med en mutation.

I denna avhandling har vi utvecklat en universell modell för modellering av

Δseq → Δfun relation. För att uppnå detta har vi gjort omfattande tillägg till
Monte Carlo metoden för egenskap urval [40] så att den kan användas för
att analysera samband mellan olika egenskaper. Metoden används av ett stort
antal klassificerare. Varje klassificerare är uppbyggd av en slumpvis utvald
delmängd av de ursprungliga uppgifterna. Tack vare detta ger MCFS-ID meto-
den statistiskt korrekta resultat.

Tillämpningen av vår metod på ett beslutssystem ger en rangordning av vik-

tiga egenskaper och ett diagram som visar sambanden mellan olika egenskap.

De utvalda viktiga egenskapet kan användas för att bygga prediktiva modeller

med hjälp av en valfri "maskinlärande" metod.
Vi använde "rough set"-baserade och "random skogs"-baserade metoder för

modelleringen. "Rough set"-modeller bygger på ett antal regler som är lätta att

förstå och av särskild fördel när en djupare insikt i modellens problem är ön-

skvärt. Random-skogar anses vara en av de bästa “off-the-shelf” klassificerare

och kan enkelt hantera stora datamängder.
Längden på en proteinsekvens varierar från fyrtio till flera tusen restproduk-

ter med ett genomsnitt på cirka 300 aminosyror [23]. Tre hundra aminosyror,

vilka beskrivs av blott tre grundläggande fysikalisk-kemiska egenskaper: hy-

drofobicitet, polaritet och storlek ger 900 funktioner. Samtidigt finns det bara
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ett begränsad antal, ofta ganska små, sekvens-varianter som man kan använda

för att undersöka sekvens-fungerande relation. Detta resulterar i så kallade

"illa-definierade"-problem där antalet funktioner överstiger antalet instanser.

Många maskinlärande tekniker utnyttjar inte sådana datamängder tillfredstäl-

lande. MCFS-metoden kan då användas för att minska eller elliminera icke

väsentliga egenskaper.

Såvitt vi vet representerar MCFS-ID metoden en helt ny syn på analys av
funktionsrika ömsesidiga beroenden. I Paper II visar vi på problemet med
modellering av HIV-1 resistome, det att nätverk av ömsesidigt beroende funk-
tioner ofta speglar molekylära interaktioner baserade på fenomen från mod-
ellen.

Vi användar vår strategi för att modellera en sekvens-funktion relation i två
biologiskt viktiga problem: 1) hiv-resistens mot läkemedel, 2) bestämning av
posttranslationella-modifiering platser i proteiner.

När det gäller HIV har vi inte bara kunna upptäcka flera nya muterade

platser som tidigare var förknippade med motstånd, men vi har också hittat

några nya (ibland tidigare försummade) platser som kan bidra till läkemedel-

sresistens. Genom att analysera ömsesidigt beroende nätverk kartlägger vi 3D-

strukturen av HIV-1 RT, och vi kunde föreslå de möjliga molekylära mekanis-

mer som upptäcker mutationer. Vi har validerat vårt resultat genom litter-

aturstudier och genom noggrann analys av tillgängliga 3D-modeller av en-

zymet. När det gäller post-translationella modifieringar har vi byggt ett antal

modeller som kan användas för att förutsäga flera ändringstyper. Vi visade

också att övervägande korta sekvensfragment inte räcker för att förutsäga

flera typer av ändringar. Vi gav ett exempel på en kombination av ömsesidigt

beroende grafer och (summariska-derived) summariskt härledda regler för att

få insikt i klassificeringsprocessen.
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