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Diseases can be caused by foreign agents – pathogens – such as viruses, bacteria and other
parasites, entering the body or by an internal malfunction of the body itself. The partial
understanding of diseases like cancer and the ones caused by viruses, like the influenza A viruses
(IAVs) and the human immunodeficiency virus, means we still do not have an efficient cure or
defence against them. In this thesis we developed and applied combinations of machine learning
strategies to study some of the deadliest human diseases and the agents causing them. The results
obtained in this study further our understanding about them, paving the way for the development
of more efficient and more reliable counter strategies against them.

In Paper I we studied the genetic make up of the highly pathogenic (HP) avian influenza
viruses and identified a viral genetic background that could potentially transform a low
pathogenic (LP) strain into HP. In Paper II we identified combinatorial signatures in the IAVs
genome that potentially could affect their adaptation to humans.

Candidate HIV vaccine studies are usually carried out in nonhuman primate models. In
Paper III we analysed the host responses of immunized Rhesus Macaques against the simian
immunodeficiency virus infection. We found that protection in Rhesus Macaques is mediated
by a gradually built up immune response, in contrast to a strong initial immune response, which
we found to be detrimental to protection.

In Paper IV we analysed 9 different cancer types and identified 38 novel long noncoding
RNAs (lncRNAs) that have a disrupted expression in multiple cancer types – pan-cancer
differentially expressed (DE) lncRNAs. In addition, we also found 308 novel lncRNAs whose
dysregulation was specific to a certain cancer type (cancer-specific DE lncRNAs).
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Biological Background 

The genetic material 
Earth is home to hundreds of thousands of organisms. These organisms are 
living, reproducing and dying all around us all the time. The information that 
an organism needs in order to perform various functions is encoded in its 
genome, composed of nucleic acids. Nucleic acids are large biomolecules 
made up of nucleotides, which are small molecules consisting of a nitroge-
nous base, a sugar group and a phosphate group. There are of two main types 
of nucleic acids: the deoxyribonucleic acid (DNA) and the ribonucleic acid 
(RNA). In DNA, the nucleotide bases adenine (A), thymine (T), guanine (G) 
and cytosine (C), connected to a deoxyribose sugar and a phosphate group. 
In RNA, the nucleotide base thymine is replaced by a uracil (U) and the sug-
ar is a, comparatively simpler, ribose sugar (Figure 1). These nucleotides are 
linked together covalently to form long stretches of polynucleotide strands. 
Two such polynucleotide strands held together by hydrogen bonds between 
their nitrogenous bases make up a DNA molecule giving it a double helix 
structure. The RNA molecules, however, may or may not be double strand-
ed.  

 
Figure 1. The structure of DNA and RNA (By Sponk [CC BY-SA 3.0 
(http://creativecommons.org/licenses/by-sa/3.0), via Wikimedia Commons)  
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Most of the organisms have DNA genome. However, there is a group of 
viruses – the RNA-viruses – whose genomes are composed of RNA instead 
of DNA. Almost all the cells of an organism have a copy of its genome. Dur-
ing cell division the genome is copied into the daughter cells. This process of 
producing two identical copies from the same DNA molecule is known as 
DNA-replication. Most RNA-viruses, however, usually encode special pro-
teins that replicate their RNA. Some viruses also convert their RNA into 
DNA by a process known as reverse transcription (Figure 2).   

The human genome 
The human genome is composed of about three billion base pairs (bp) nucle-
otides forming up the DNA, packed into 22 pairs of autosomal chromosomes 
and a pair of sex chromosomes. Each member of a chromosome pair is in-
herited from a single parent.  

The information in the genome is stored in the form of genes. A gene can 
be defined as a sequence of nucleotides on the DNA that encodes a specific 
functional gene product. The gene product could either be a protein or a 
functional RNA. The process of obtaining RNA from DNA is known as 
transcription while the process of decoding RNA into a protein is called 
translation (Figure 2). 

 
Figure 2. Flow of genetic information. 
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Protein coding genes 
Proteins are complex molecules that are regarded as the main functional 
entities responsible for carrying out most of the cellular functions as well 
giving structure and function to cells, tissues and organs etc. Genes whose 
information is translated into proteins are known as protein-coding genes. 
The human genome has about 20000 protein-coding genes, making up for 
only about 2% of the whole genome. To synthesize a protein from a gene, it 
is first transcribed into a messenger RNA (mRNA), which is in turn translat-
ed into a protein (Figure 2). A protein is made up of a single or multiple 
chains of amino acid (aa) residues. There are 20 known aa residues used for 
protein synthesis. The exact sequence of aa residues defines the structure and 
function of the proteins.  

Non-protein coding genes 
Until recently, most of the human genome was considered to be non func-
tional. But with the latest advances in science and technology, almost 80% is 
now related to some biochemical function [1]. It has been shown that more 
than 80% of the genome gets transcribed [2], indicating a large amount of 
non-translated RNAs, referred to as noncoding RNAs (ncRNAs). The genes 
that encode for such ncRNAs are known as non-protein coding genes.  

On a general principle the ncRNAs are divided into small and long 
noncoding RNAs if they have less than 200 or more than 200 nucleotides 
respectively. Currently our understanding of the functional roles of ncRNAs 
on a molecular level is vague. However, extensive research these days is 
focused on characterizing their roles in various biological processes. It fol-
lows that small RNAs like the small interfering RNAs (siRNAs) have been 
shown to be involved in RNA silencing which is the degradation of messen-
ger RNAs [3, 4]. Other small RNAs like the micro RNAs (miRNAs) have 
been shown to have a regulatory role in gene expression [5, 6].  

Long noncoding RNAs 
As explained above, long noncoding RNAs (lncRNAs) are genomic tran-
scripts longer than 200 nucleotides. There are about 16000 known lncRNAs 
in the human genome as annotated by GENCODE (release 25) [7]. Their 
involvement in a number of biological processes like cellular differentiation 
and development and chromatin remodeling has already been implicated [8-
10]. Moreover, they have also been shown to have a prominent role in dis-
eases like cancer [11, 12].  
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Gene expression 
Gene expression is the conversion of information stored in the genes into 
functional products. As explained before, the gene product could either be a 
protein or a functional RNA. Not all the genes are expressed at all times in 
all cells. In fact, gene expression is highly regulated and can be highly cell 
type-specific. This regulation provides the basis for cellular differentiation 
and specificity of function and structure under different circumstances. Some 
genes – housekeeping genes – are required for performing basic cellular 
functions that are common to all cells while others perform highly special-
ized tasks within the cellular environment. Ubiquitin, actin and genes consti-
tuting the DNA and RNA polymerase complexes are examples of house-
keeping genes, expressed in the majority of cells. Others such as the glial 
fibrillary acidic protein (GFAP) gene, is specifically enriched in cells of the 
central nervous system such as astrocytes [13]. 

A strict regulation of gene expression is required for cellular mechanisms 
to function properly under normal or special conditions. Regulation is com-
mon at the level of transcription, processing of the transcripts and even after 
translation in the form of post-translational modifications. To initiate tran-
scription it is necessary that the transcriptional machinery, consisting of sev-
eral proteins called transcription factors, binds to the DNA. Transcriptional 
regulation either promotes or represses the expression. The transcribed 
RNAs are usually processed further before they become fully mature 
mRNAs. An example of regulation at this stage is the alternative splicing in 
eukaryotes. Furthermore, the level of gene expression could also be regulat-
ed after translation; for example, by marking the proteins for immediate deg-
radation, for instance via ubiquitination. 

The amount of protein produced in a cell, under normal or specific condi-
tions, could potentially point towards their functional importance. One way 
to measure the protein abundance is to quantify protein levels directly, while 
the other way is to measure the abundance of mRNA produced. Here the 
assumption is that mRNA will get translated into protein. Until recently, it 
was possible to measure the amount of only a few transcripts at a time (e.g. 
with methods like northern blotting). However, these days it has become 
possible to quantify transcripts on a genome wide scale, thanks to genome-
wide DNA microarrays and high throughput sequencing technologies. Data 
from such platforms have been used extensively to assess genes that are dif-
ferentially expressed under varying circumstances, for example, in disease 
versus normal conditions. 

Microarrays 
Microarrays are used to quantify the expression of thousands of genes simul-
taneously. Typically, known DNA sequences (probes), bound to a solid plate 
are hybridized with labeled target complementary DNA (cDNA) fragments 
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that are reverse transcribed from mRNA. The probes and cDNA will bind to 
each other producing a signal that can be captured and quantified. Although 
there are several ways to label the fragments, labeling with fluorescent dyes 
is one of the most commonly used. In this case expression of genes is quanti-
fied by observing the fluorescent intensity of each probe.  

High throughput RNA sequencing 
High throughput RNA sequencing (RNA-seq) can be used for genome-wide 
profiling of the transcriptome. First, depending on the experiment, mRNA or 
total RNA is extracted from a sample. The extracted RNA is then reverse 
transcribed into cDNA. Depending on the amount of RNA to start with, the 
cDNA may or may not be amplified using PCR. Finally, the cDNA is se-
quenced using next generation sequencing and the results are aligned to a 
reference genome. Gene expression quantification is achieved by counting 
the number of fragments mapping to known or unknown genes.  

Human diseases 
A disease could be defined as a condition where a specific part or the whole 
body of an organism functions abnormally. In order to treat a disease, thor-
ough understanding of the disease is required. Developing such an under-
standing about a disease is not always trivial and usually requires extensive 
knowledge about the origin of the disease, its causes, how it progresses and 
what factors facilitate its progression and so on. For some diseases, nonethe-
less, we have achieved such an understanding and are treated with relative 
ease these days. For others, we lack a complete understanding of either their 
causes or their modus operandi or both, leaving us exposed to the adverse 
consequences they might have.  

In humans, diseases can be caused by foreign agents, known as patho-
gens, or by a malfunction that originates internally. Viruses, bacteria, fungi 
and other parasites are examples of pathogens that could cause mild to se-
vere disease in humans. On the other hand, diseases such as cancer, Alz-
heimer’s disease and Down’s syndrome are examples of the ones caused by 
genetic aberrations. However, some pathogens have also been linked to cer-
tain types of cancer. 

Viral diseases 
Diseases caused by viruses are called viral diseases. Viruses are microscopic 
infectious particles, mostly consisting of a protein coat guarding its genetic 
material, which can be DNA or RNA. Viruses require a host cell to prolifer-
ate and are generally not regarded as alive outside of it. Upon entry, the virus 
releases its genetic material into the host cell and hijacks it for its own pro-
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liferation. Thousands of viruses have been extensively described while many 
more remain to be discovered. Viruses are known to infect all forms of life, 
from animals and plants to fungi and bacteria. Several viruses cause severe 
diseases in humans, for instance the influenza A virus whose outbreaks have 
killed millions of humans in the past [14] and the human immunodeficiency 
virus (HIV) whose infection leads to the incurable immunodeficiency syn-
drome.  

Influenza A virus  
The influenza A viruses (IAVs) belong to the genus Influenzavirus A of the 
Orthomyoxoviradae family of viruses. Eight negative-sense RNA segments 
[15] make up their genome which encodes for at least 12 proteins (Figure 3).  

 
Figure 3. A schematic representation of a typical influenza A virion. a) The virus 
particle with an RNA genome composed of 8 segments is shown. b) The hemagglu-
tinin precursor protein H0, is shown, which is cleaved post-transnationally into HA1 
and HA2 subunits by host nucleases. This cleavage is necessary for infectivity. Re-
printed by permission from Macmillan Publishers Ltd: Nature Review Immunology 
[16], copyright (2009) 

They are divided into subtypes based on their surface proteins hemagglutinin 
(HA) and neuraminidase (NA). About 18 types of HA and 11 types of NA 
are known to exist [17-19]. Most of these subtypes have wild birds as their 
natural host but occasionally they can infect other animals including humans. 
In fact, the well-documented outbreaks of the H1N1, H3N2, H2N2, H5N1 
and H7N9 subtypes are all thought to have evolved from avian or porcine 
sources [17, 20, 21]. IAVs are further divided into two major pathological 
subtypes, i.e. the highly pathogenic (HP) and low pathogenic (LP) types. The 
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HP influenza viruses cause a systemic infection throughout the host leading 
to severe clinical conditions and even mortality in both humans and birds 
[22-25] while the LP strains cause a mild disease with the infection limited 
to the respiratory and gastrointestinal tracts [24, 20]. 

Human immunodeficiency virus  
The human immunodeficiency virus (HIV) belongs to the genus Lentiviri-
nae, sub-family Orthoretrovirinae of the family Retroviridae of viruses. Its 
genome consists of two, positive-sense, single RNA strands encoding for 15 
proteins [26] (Figure 4). Of the two main types, HIV-1 and HIV-2, the for-
mer is considered to be more infectious [27].  

 
Figure 4. A typical HIV virion. By Thomas Splettstoesser (www.scistyle.com) (Own 
work) [CC BY-SA 4.0 (http://creativecommons.org/licenses/by-sa/4.0)], via Wiki-
media Commons 

HIV primarily infects the immune cells of our bodies [28-30]. In the later 
stages, the infection may lead to a condition known as the acquired immune 
deficiency syndrome (AIDS), where the body becomes deficient of immune 
cells and hence becomes vulnerable to other infections. The primary mode of 
transmission of these viruses include sexual intercourse, contaminated blood 
transfusion and from infected mothers to children in pregnancy, delivery or 
breastfeeding [31]. 

Cancer 
Our bodies are composed of trillions of cells, most of which perform their 
duties over their lifetime, eventually die and are replaced by new cells. This 
process is mediated by the ability of cells to divide and produce two healthy 
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daughter cells. Prior to division, the DNA of the mother cell is replicated 
ensuring that each daughter cell has DNA identical to the parent cell. Nor-
mally the whole process, known as cell cycle, is highly regulated at several 
stages with the help of many genes [32-34]. Under normal circumstances, a 
defective cell (e.g. a cell with damaged DNA or having abnormal number of 
chromosomes) or a cell that is dividing more than required is sensed and is 
either marked for programmed cell death (apoptosis) or the aberrant cell 
division is stopped. However, in certain cases cell cycle regulation is com-
promised in one way or the other enabling the cells to divide in an uncon-
trolled manner. Such dysregulation may lead to a group of diseases known as 
cancer. The hallmarks of cancer include self-sustained proliferative signal-
ing, avoiding growth suppressers, achieving immortality by evading apopto-
sis, inducing angiogenesis and the ability to move to other parts of the body 
(metastasis) [35, 36] (Figure 5). Genes that promote cancer are often known 
as oncogenes while the ones that suppress cancer and uncontrolled prolifera-
tion are known as tumor suppressor genes or growth suppressors. 

 
Figure 5. Hallmarks of cancer. (Reprinted from [35] with permission from Elsevier.) 

In an uncontrolled cell cycle, the normal functionality of genes regulating 
the cell cycle is compromised. Genetic mutations in these genes, either in-
herited from parents or gained during lifetime, have been shown to play a 
crucial part altering their normal functionality [37, 38]. For instance, muta-
tions in the DNA repair genes or the tumor suppressor genes have been 
shown to disrupt the regulation of cell cycle enabling cells to achieve the 
cancer hallmarks described above [38]. Such uncontrolled proliferation can 
be achieved through a variety of pathways, even in the same cell types, mak-
ing cancer one of the most complex human diseases [35].  

More than 100 types of cancers exist and are usually named after the tis-
sue or organs they affect [39]. Another categorization of cancers is based on 
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the cell types they originate from. For example, carcinomas are cancers orig-
inated in the epithelial cells; sarcomas are cancers of the bone and soft tissue 
cells; and leukemia is the cancer of blood cells. Based on the types of epithe-
lial cells, carcinomas can further be subdivided into types such as adenocar-
cinoma: a cancer of fluid or mucus producing epithelial cells, basal cell car-
cinoma: cancer originating in lower layer of epidermis (the person’s outer 
skin) and squamous cell carcinoma: a cancer of the squamous cells lining the 
stomach, lungs and kidneys etc. [39]. 

Defense against diseases 
The immune system 
The immune system is considered as the first line of defense against patho-
gens and disease. It protects us against infections of various pathogens by 
recognizing them and ultimately getting rid of them [40]. It can also differ-
entiate the body’s own rogue cells from healthy ones and kills them off [41, 
42]. The immune system is one of the most complex systems of the human 
body composed of a variety of proteins, cells and processes. It is primarily 
classified in into two main categories, i.e. the innate immune system and the 
adaptive immune system [43]. Upon entry of a pathogen, an immediate and 
more generalized response comes from the innate immune system. The in-
nate immune system coordinates with the adaptive immune system, which 
responds with a highly specific response against the pathogen [43]. The 
adaptive immune system also has the capability to “memorize” the pathogen, 
which helps in a much faster and more efficient response against a future 
infection by the same pathogen.  

The immune system functions with the help of a variety of specialized 
immune cells such as the natural killer cells, mast cells, dendritic cells, neu-
trophils, macrophages, basophils, eosinophils, B cells, T helper cells and 
cytotoxic T cells. The natural killer cells and the cytotoxic T cells do not 
attack the antigens directly but are specialized in killing off infected cells or 
even other rogue cells such as cancer cells [44]. Upon stimulation, the mast 
cells signal for the recruitment of other immune cells such as macrophages, 
dendritic cells, natural killer cells [44]. Basophils and eosinophils attack the 
antigen by releasing toxins while macrophages, neutrophils and dendritic 
cells kill the antigens by eating them up [44]. The dendritic cells present 
parts of the antigens to the T helper cells, which in turn activate the B cells. 
The activated B cells then produce antibodies against the antigens, which are 
small molecules that bind to the antigen and help the B cells to target them 
specifically. The activated B cells also undergo several cell divisions in or-
der to have a better chance of capturing all the antigen particles [44]. 
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Vaccination and other treatments  
The immune system deals with most of the pathogens that our bodies come 
in contact with. However, as explained above, the complexity of generating 
a specific response to these pathogens dictates that it is not rapid. The im-
mune system needs to have been primed beforehand in order to have a quick 
specific response to a pathogen. A successful way to achieve such an im-
munization is through vaccination. A vaccine is a biological product, often 
made from a weakened or inactivated pathogen or its parts, used to stimulate 
the immune system. The immune system recognizes the weakened pathogen 
or its parts, saves it to its memory and in case of a future infection, it is ready 
to fight it off quickly and effectively. Vaccination has proven to be highly 
efficient and has contributed to the eradication of smallpox [45]. Prevalence 
of diseases like polio, measles, chickenpox and others have been significant-
ly reduced with the help of vaccination [46, 47]. However, for several other 
diseases, e.g. AIDS, an efficient vaccine does not exist to date. Developing 
such a vaccine has become a high priority of medical research. 

However, there are others measures that can be taken to treat disease. For 
example the treatment of cancer ranges from using a mixture of anti-cancer 
drugs, immune therapies, radiation therapies and surgery [48]. Anti-cancer 
drugs usually target the cell proliferation cycle, while immune therapies 
either enhance or suppress immune responses in order to treat cancer [48]. 
Radiation therapies focus on killing the malignant tumor cells by high doses 
of radiation [48]. 

In addition to vaccines, antiviral drugs can be used to treat some viral in-
fections. Antiviral drugs focus on either stopping the entry of viruses into the 
host cells or on inhibiting their proliferation at various stages of the viral life 
cycle.  
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Computational Background 

This section provides a brief introduction to the computational methods and 
strategies used in this thesis. 

Machine learning in bioinformatics 
In the context of computational modeling, machine learning refers to the 
process of computer programs learning from a set of given examples (data) 
and applying the gained knowledge on new data. Given the amounts of large-
scale biological data being generated these days, the use of machine learning 
in bioinformatics is on the rise. For example, it has been used to predict tran-
scription start sites in drosophila [49], promoters and enhancers in human 
[50], functional annotation of genes in human [51] and to understand gene 
expression based on transcript factor bindings [52] etc. (see [53] for an over-
view of machine learning in genetics and genomics).  

Machine learning methods are primarily divided into supervised and un-
supervised methods. Supervised learning methods use input data labeled 
with known classes or outcomes and learns about the features associated 
with each class, while un-supervised methods try to group un-labeled data 
into various classes or outcomes based on the features in data [54].   

No matter what type of learning method is used, it is important that data 
used to learn from, is correct, complete and relevant. Incomplete or noisy 
data affects the learning process adversely while irrelevant data could un-
necessarily complicate the process of learning. In such scenarios feature 
selection is often applied on the input data before learning from it. 

The following section provides an overview of feature selection methods 
and the most common machine learning strategies with a focus on the meth-
ods used in this thesis. 

Feature selection 
As the name suggests, feature selection is the process of selecting a subset of 
features from all the features existing in the data while discarding the ones 
that are either not needed or are not relevant. As an example, assume that it 
is desired to associate gene expression combinations to conditions 1 and 2. A 
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goal for feature selection, in this scenario, could be to select a subset of 
genes that show difference in expression levels under the two conditions. 

Feature selection is particularly applied in situations where a large num-
ber (thousands to millions) of features are quantified for relatively smaller 
number of objects. Several factors motivate the use of feature selection in 
modern day analyses of big data, for instance the complexity of data or limi-
tations of computational resources. Processing large amounts of data often 
proves to be expensive in terms of computational time and resources it re-
quires. In such cases it becomes a necessity rather than a choice to remove 
redundant and non-informative features [55]. Sometimes the data has noise, 
which might affect the downstream analysis and needs to be removed before 
analyzing it.  

There are several strategies to carry out feature selection. Univariate 
methods test the informativeness of a feature independently of the other fea-
tures (e.g. t-tests) while multivariate methods also incorporate the interde-
pendency of features [55] (e.g. decision trees).  

Monte Carlo feature selection 
Monte Carlo feature selection (MCFS) is a multivariate feature selection 
technique to identify the most informative features from a classification 
point of view [56]. MCFS makes use of the Monte Carlo technique – repeat-
ed random sampling of the input data – to perform feature selection. The 
main steps of MCFS are summarized in Figure 6.  

 
Figure 6. The MCFS procedure overview from Draminski et al. [56]. Reprinted with 
permission from Oxford University Press. 

Typically, from an initial set of d features (or attributes), s subsets, each with 
m attributes (where m << d) are randomly sampled. Each subset s is then 
randomly split into training and a testing sets, t times. This effectively cre-
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ates s × t number of training and testing sets. Then, a decision tree classifier 
is constructed on each training set whose performance is evaluated on the 
corresponding test set and represented as a weighted accuracy (wAcc) given 
by the following equation: 
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Here c is the number of classes while nij is the number of objects from class i 
classified as class j. The weighted accuracy can be seen as the mean of c true 
positive rates. Based on the all the trees created and their performance evalu-
ated on the test sets, a relative importance (RI) score is assigned to all the 
attributes. The RI score for a given attribute 𝑔! is given by the following 
formula: 

 

𝑅𝐼!! =  𝑤𝐴𝑐𝑐! !  𝐼𝐺 𝑛!! 𝜏  
𝑛𝑜.  𝑖𝑛 𝑛!!  𝜏

𝑛𝑜. 𝑖𝑛 𝜏

!

!!! !

!"

!!!

 

 
where 𝜏 denotes a tree, wAcc is the weighted accuracy of the tree and IG is 
the information gain. To calculate RI, the ratio of samples at node 𝑛!! versus 
the total samples (𝑛𝑜.  𝑖𝑛 𝑛!!  𝜏 𝑛𝑜. 𝑖𝑛 𝜏 ) is multiplied by the information 
gain at that node. The result is multiplied by the sum of weighted accuracies 
of all trees, which gives the RI score for attribute 𝑔!. The values s and t are 
defined above while u and v can be set by the experimenter to give more or 
less weight to each part of the equation. In this way RI scores are assigned to 
all attributes of the input data. 

Significant attributes 
Based on the RI scores, either a subset or all the attributes are used for fur-
ther analyses. One way to select a subset of the attributes is to make permu-
tation tests. In this method, the data is randomly re-labeled and the whole 
MCFS procedure is repeated N times. A mean and standard deviation of the 
permutation RI scores is calculated for each attribute. Assuming the RI 
scores to be normally distributed, each original RI score is compared to this 
distribution and assigned a p-value, which is corrected for multiple testing 
by the Bonferroni method. Only the significant attributes with a p-value < 
0.05 are used for further analyses.  
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Rule-based modeling with rough sets 
The rule-based methodology used in this thesis is based on rough sets theory.  

Rough sets theory 
Described in 1982 by Zdzislaw Pawlak, rough sets theory is a mathematical 
framework to analyze tabular data using set approximations [57]. The appli-
cation of rough sets requires the input data to be arranged in the form of a 
table where the rows are objects and columns are the attributes (or features). 
When the last column of this table is the decision attribute i.e. the class label 
or outcome, this table is known as a decision system. Next, all the indiscern-
ible (identical) objects are merged into groups called equivalence classes. 
The members of an equivalence class have the exact same values for all the 
attributes (decision attribute is not taken into account). If objects in an 
equivalence class belong to more than one decision class, the data is called 
rough; otherwise the data is known to be crisp. Next, a Boolean function 
made up of attributes discerning the various equivalence classes from one 
another, called the discernibility function, is obtained. This function is sim-
plified using Boolean algebra into minimal set of attributes that can differen-
tiate the data into the given decision classes. This minimal set of attributes is 
known as a reduct [58, 59]. 

Reduct computation example 
The following example illustrates the process of computing reducts. Consid-
er the decision system in Table 1. The columns are the top 5 attributes for 
the hemagglutinin protein of H1N1 IAVs taken from Khaliq et al. [60]. The 
goal is to identify aa residues specific to human and avian hosts. The 7 ob-
jects used are hypothetical objects, modified from [61] for the sake of sim-
plicity.  

The set of all objects, U, known as the universe is U={1,2,3,4,5,6,7}. The 
set of all the attributes is, A={P9, P155, P435, P241, P85} and the decision 
attribute is, d= Host. 

Table 1. An example decision system  
 
ID P9 P155 P435 P241 P85 Host 
1 E K S L S Human 
2 E K S L S Human 
3 D R S L G Human 
4 D K S L G Human 
5 D R S M S Avian 
6 E K S M G Avian 
7 D R S M S Avian 
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For the given decision system, the objects are divided into the following 
equivalence classes: 

[1] = {1,2} 
[2] = {1,2} 
[3] = {3} 
[4] = {4} 
[5] = {5,7} 
[6] = {6} 
[7] = {5,7} 

A generalized decision (𝜕) is obtained for each equivalence class, which is a 
set of decision attributes connected to each object of the class. 

𝜕([1]) = 𝜕([2]) = {Human} 
𝜕([3]) = {Human} 
𝜕([4]) = {Human} 
𝜕([5]) = 𝜕([7]) = {Avian} 
𝜕([6]) = {Avian} 

Next, a discernibility matrix, is constructed, from which a discernibility 
function is deduced. This matrix provides information of how an object is 
different from the other objects in terms of attributes. This matrix is a deci-
sion relative matrix, which means that only objects from different classes are 
differentiated. 

Table 2. Discernibility matrix relative to decision 
 

 [1] [3] [4] [5] [6] 
[1] ∅     
[3] ∅ ∅    
[4] ∅ ∅ ∅   
[5] P9 

P155 
P241 

P241 
P85 

P155 
P241 
P85 

∅  

[6] P241 
P85 

P9 
P155 
P241 

P9 
P241 

∅ ∅ 

The discernibility function f(A), is defined as  

f(A) = (P9 ∨ P155 ∨ P241) ∧ (P241 ∨ P85) ∧ (P155 ∨ P241 ∨ P85) ∧ (P241 
∨ P85) ∧ (P9 ∨ P155 ∨ P241) ∧ (P9 ∨ P241) 
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By using Boolean algebra the above equation is simplified to  

f(A) = (P241 ∧ P85) ∨ (P241 ∧ P9) 

In this way we obtain two reducts; {P241, P85} and {P241, P9} 

Rule-based modeling with ROSETTA 
In this thesis, the rule-based models are constructed with the ROSETTA 
software system [62]. ROSETTA uses reduct computation algorithms similar 
to the ones described in sections before. Since the simplification of a dis-
cernibility function is an NP-hard problem [58], ROSETTA makes use of 
approximate reducts. Approximation of reducts also helps in avoiding over-
fitting of the rule-based models [61]. ROSETTA converts the reducts into 
IF-THEN rules. A collection of such IF-THEN rules is referred to as the 
rule-based model throughout this thesis. 

Consider the decision system shown in Table 3. Assume ROSETTA 
found the reduct {P1, P3}. The rules generated from this reduct would be 

1. IF P1=E AND P3=M THEN Pathogenicity = High 
2. IF P1=S AND P3=L THEN Pathogenicity = Low 

The first rule reads: If there is an aa residue E (Glutamic acid) at position 1 
and a residue M (Methionine) at position 3 then the virus is highly pathogen-
ic. It can be seen that in the decision system when these conditions are met, 
the objects have Pathogenicity=High, except for object 6 where the con-
ditions are met but the object has Pathogenicity=Low. For rule 2, the 
conditions are met by object 2 and 4 and both have Pathogenicity=Low. 
Such information about the rules is provided in various statistics associated 
to each rule. These statistics are explained in the coming sections.  

Table 3. An example decision system to model high versus low pathogenic viruses 
 
ID P1 P2 P3 P4 Pathogenicity 
1 E A M K High 
2 S M L K Low 
3 E M M K High 
4 S M L K Low 
5 E M M K High 
6 E M M K Low 
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Validation of the models 
A model created through any machine learning strategy needs to be verified 
and tested before it can be trusted to make inferences about data. This sec-
tion describes the methods used in this thesis to validate the models and to 
assess their performance. 

Cross validation 
Cross validation is a model evaluation method used extensively for models 
learnt through machine learning. It provides an estimate of how well a model 
will perform on new, un-seen data. Several strategies exist to perform cross 
validation including k-fold cross validation and leave-p-out cross validation, 
where k and p can be any positive numbers. In this thesis, a 10-fold cross 
validation and a leave-one-out cross validation were used to validate models. 

In a 10-fold cross validation the complete objects in the data are randomly 
divided into 10 equal, disjoint subsets. A model is trained on 9 of the subsets 
and is tested on the 10th. The process of model training and testing is repeat-
ed 10 times such that in each iteration, a previously unused subset is selected 
as the test set.  

In a leave-one-out cross validation, a single object is selected to be the 
test object while the others are used to train a model. The model is then test-
ed on the test object. The number of iterations in this method is equal to the 
total number of objects in the data minus one. These iterations ensure that 
every object in the data serves as a test object once.   

The average cross validation performance of the model estimates its per-
formance on un-seen data. 

Validation on new, un-seen data 
Another method of validation used in this thesis was to test the models on 
new, un-seen data that was not included in the process of model generation. 
For instance, the models of pathogenicity of each protein created in this 
study [63] were tested on new viral protein sequences made publicly availa-
ble after the models were created. 

Statistics associated to rules and models 
The statistics associated to the models and the rules constituting the models 
are provided in this section. 
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Support of a rule 
Support is defined as the number of objects that satisfies the condition(s) of a 
rule. The conditions P1=E and P3=M of our example rule 1, defined above 
in Table 3, are satisfied by objects 1, 3, 5 and 6. Therefore the support of 
rule 1 is 4. Similarly, the support of example rule 2, defined above on Table 
3, is 2. 

Accuracy of a rule 
The Accuracy of a rule is the number of objects it correctly classifies from 
the support set. Accuracy of our example rule 1 is 75% since it correctly 
classifies only 3 out of the supporting 4 objects. Object 6, supporting the 
conditions of the rule, was originally a low pathogenic object but the rule 
mistakenly classifies it as highly pathogenic. Similarly the Accuracy of ex-
ample rule 2 is 100%. 

DecisionCoverage of a rule 
The Class-Specific-Coverage or DecisionCoverage is the proportion of cor-
rectly classified objects from the class specified by the rule. It is given by the 
formula 

𝐷𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝐶𝑜𝑣𝑒𝑟𝑎𝑔𝑒 % =
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 × 𝑆𝑢𝑝𝑝𝑜𝑟𝑡

𝑇𝑜𝑡𝑎𝑙 𝑜𝑏𝑗𝑒𝑐𝑡𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑐𝑙𝑎𝑠𝑠
 × 100 

DecisionCoverage of our example rule 1 is 100% (3/3) and example rule 2 is 
66% (2/3). 

Significance of rule 
The significance of each rule was calculated from the hyper-geometric dis-
tribution as given by Hvidsten et al. [64]. The p-values from the hyper-
geometric distribution can be calculated by the following formula: 

𝑃 𝑥;𝑁, 𝑛, 𝑘 =  
𝑘
𝑥

𝑁 − 𝑘
𝑛 − 𝑥
𝑁
𝑛

!"# (!,!)

!!!

 

 
Here x is the number of objects correctly predicted by the rule, N is the total 
number of objects in input data, n is the Support of the rule and k is the 
number of objects belonging to the decision class specified by the rule.  
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Accuracy of the model 
Accuracy of a model is the percentage of correct predictions it makes on a 
test data. For the models developed in this thesis, several types of accuracies 
have been reported. 

Cross validation accuracy is the averaged accuracy of the models trained 
on the training data and tested on the test data, in each iteration of the cross 
validation loop. Re-classification accuracy is when the models were tested 
on the complete data sets used to generate the models. Accuracy of the mod-
els on the unseen data is when the models were used to predict decision 
classes for new data unseen by the model generation process at any stage. 

Sensitivity and specificity  
Sensitivity or the true positive rate (recall) is the proportion of all the posi-
tive objects correctly classified to be positive while specificity or the true 
negative rate is the proportion of all negative objects correctly classified to 
be negative. The interpretation of these measures can vary based on what the 
definition of positive and negative objects. For instance, in [60] we defined 
viruses from human hosts to be positive and those from avian hosts to be 
negative. They can be calculated by the following formulae: 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝐹𝑃 + 𝑇𝑁
 

where TP, FN, TN and FP are true positives, false negatives, true negatives 
and false positives, respectively. TP and TN are the correctly predicted posi-
tive and negative objects, respectively. FN are the positive objects that were 
incorrectly predicted to be negative by a model while FP are negative objects 
incorrectly predicted to be positive. 

Mathews correlation coefficient 
The Mathews correlation coefficient (MCC) is the estimate of the predictive 
power of a model, similar to the accuracy of a model. While accuracy of a 
model is susceptible to biases towards the larger class in the data, MCC pro-
vides a more balanced estimate of the model performance since it is not af-
fected by the size of each class in the data. It can be calculated by the follow-
ing formula: 
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𝑀𝐶𝐶 =
𝑇𝑃×𝑇𝑁 − 𝐹𝑃×𝐹𝑁

𝑇𝑃 + 𝐹𝑃 × 𝑇𝑃 + 𝐹𝑁 × 𝑇𝑁 + 𝐹𝑃 × 𝑇𝑁 + 𝐹𝑁
 

 

Under-sampling 
A data is said to have imbalanced classes if it has significantly more objects 
in one class than the others. This imbalance skews the learning in favor of 
the larger class since there is much more data to learn from compared to the 
other classes. Under-sampling can be used to counter this problem. In under-
sampling, a number of objects equal to the minority class are randomly cho-
sen from the majority class to make a new, balanced data set. This process is 
usually repeated several times so that each of the objects from the majority 
class gets a chance to be selected at least once. For example if a data has 
1000 patient and 100 healthy samples then this data is clearly imbalanced. 
With under-sampling 100 patient samples will be chosen randomly and 
combined with the 100 healthy samples to make a data set of total 200 sam-
ples. This step will be repeated a large number of times, say 500 times, in 
order to get 500 under-sampled data sets.  
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Aims 

The overall aim of this thesis was to investigate, analyze and understand the 
complex nature of various human diseases and the agents that cause these 
diseases. The goal was to construct interpretable computational models from 
the large amounts of data available and use them to explain the underlying 
biological mechanisms that play a role in these diseases. The specific goals 
were: 

1. To investigate and identify potential pathogenicity markers in the 
H5 subtypes of IAVs on the 11 proteins expressed by the virus. 

2. To identify and analyze host-specific markers that may potentially 
affect the adaptation of IAVs in hosts such as humans. 

3. To identify and analyze general mechanisms of protection in Rhe-
sus Macaques against the infection of simian immunodeficiency 
virus delivered by a candidate HIV/SIV based vaccine. 

4. To identify novel lncRNAs with disrupted expression patterns in 
specific or multiple cancer types. 
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Methods and Results 

A brief overview of the four papers included in this thesis, along with the 
methods and key results is provided in this section. In Paper I and II we ana-
lyzed the genomes of IAVs of subtypes H5 and H1N1 and H3N2 respective-
ly. In Paper I we used a combined Monte Carlo feature selection and rule-
based modeling methodology to identify a potential genetic viral background 
potentially contributing to high pathogenicity. In Paper II we used the same 
methodology to identify host-specific signatures (HSSs) that can potentially 
affect the adaptation of the virus in different hosts. In order to understand the 
mechanism(s) of protection against the infection of simian immunodeficien-
cy virus (SIV) infection, in Paper III we modeled the immune responses of 
Rhesus macaques to low dose SIV challenges after immunization with a 
candidate HIV/SIV based vaccine. In Paper IV we identified novel lncRNAs 
whose expression was dysregulated in multiple cancer type (pan-cancer DE 
lncRNAs). We also identified several novel cancer-specific DE lncRNAs 
whose expression was disrupted only in one specific cancer type. 

Paper I 
A complete map of potential pathogenicity markers of avian influenza virus 
subtype H5 predicted from 11 expressed proteins 

Background 
Pathogenic influenza viruses have been known to cause outbreaks, epidem-
ics and pandemics killing millions of people in the past [14]. With the circu-
lation of the highly pathogenic avian influenza virus (HPAIV) strains in wild 
birds there is a threat of yet another pandemic. The complete understanding 
of why some viruses are HP and others are not is missing. Nevertheless, 
pathogenicity has been linked with monobasic insertions in the cleavage site 
of the surface glycoprotein HA [65-67]. However, accumulating evidence 
suggested that such insertions are necessary but not sufficient to render high 
pathogenicity. It has been argued that in addition to the insertions in the HA 
cleavage site, there must exist other markers, on HA or on the other proteins, 
that make the virus HP [68-72]. In this study we aimed at identifying these 
markers in H5 subtype of the avian influenza virus. 
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Data 
The data used in this paper was obtained from the NCBI Influenza Virus 
Resource database [73]. FASTA files of unique aa sequences of the H5 sub-
type for HA, NA, matrix protein 1 and 2 (M1, M2), non-structural protein 1 
and 2 (NS1, NS2), nucleoprotein (NP) and polymerase proteins (PA, PB1, 
PB2 and PB1-F2) were downloaded as of January 2014. 

Methods 
The aa sequences were aligned using MUSCLE (v3.8.31) [74], for each pro-
tein separately. The aligned sequences were used to create decision tables 
with rows as viruses and columns as aa positions. Next, we labeled each 
virus as HP if both of the following conditions were met: 1) insertions in the 
HA cleavage site and 2) the last four aa residues of the cleavage site were of 
the form (R/K)XX(R/K) [75]. Otherwise, the viruses were labeled as LP. To 
obtain the most important attributes and to remove the non-informative at-
tributes (here aa positions) we used MCFS [56]. To balance the number of 
HP and LP viruses in the training data, we under-sampled the decision tables 
100 times, creating 100 subsets for each protein. Rule-based models using 
the ROSETTA software [62] were then trained for all the under-sampled 
datasets for all proteins. For each protein, rules from the 100 under-sampled 
sets were combined and filtered to obtain a single classifier. The classifiers 
were validated on new, unseen data made available at the NCBI influenza 
virus resource after we downloaded the data on which the models were 
trained. A schematic summary of the methodology is given in Figure 7.  

Results 
We obtained high quality rule-based models for all the proteins. The HA 
model was the best with a cross-validation accuracy of 98.6% while the ac-
curacies of the models for the other proteins ranged between 81.2% and 
97.2%. From the models we observed that the high pathogenicity was specif-
ic to H5N1 subtype – HP rules being specific to H5N1 subtype – while low 
pathogenicity was common to the H5N1 and non-H5N1 subtypes. This was 
also validated using the new, unseen data.  

High quality classifiers for each model suggested that there were markers 
specific to HP and LP viruses on all the proteins. In addition to the novel 
markers, we obtained a set of markers that were previously associated to 
pathogenicity in other individual studies. We also identified specific aa 
changes in several proteins that might have role in driving the pathogenicity 
of these viruses.  

It follows that we identified a genetic background necessary for a virus to 
be an HP virus. 
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Figure 7. Schematic representation of the methodology used in Paper I. Reprinted 
from Khaliq et al. [63] 

Paper II 
Identification of combinatorial host-specific signatures with a potential to 
affect host adaptation in influenza A H1N1 and H3N2 subtypes 

Background 
Wild birds are considered to be the natural hosts of IAVs [76]. Periodically 
they can cross the species barrier and infect other hosts including humans 
[77, 78] causing epidemics and pandemics. The viral polymerases and espe-
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cially the HA protein, which provides the virus entry to host cells, have been 
implicated in playing a role in viral host adaptation process [79, 80]. Many 
studies have been carried out indicating singular genomic signatures affect-
ing the viral host adaptation [81-85]. Due to the complex nature of these 
adaptations we proposed that there might be a combinatorial use of such 
signatures by these viruses in order to adapt to new hosts. 

Data 
We obtained aa sequences of 12 expressed proteins of the H1N1 and H3N2 
subtypes for avian and human hosts from the NCBI flu resource [73] as of 
30th November, 2014. A smaller dataset published between the 30th of No-
vember 2014 and 16th of April 2015, was obtained from the same resource 
and was used to validate the models created in this paper. 

Methods 
We aligned all the aa sequences using MUSCLE (v3.8.31) [74]. Then we 
converted the alignment into separate decision tables for each protein. The 
rows of a decision table were the viruses while the columns were the aa posi-
tions. The last column was the decision column, which in this case was Hu-
man for human viruses and Avian for avian viruses. The number of avian 
viruses was relatively lower than the human viruses for all the proteins in 
both subtypes. Therefore, we applied the under-sampling strategy, defined 
previously, to make sure our learning was not biased due to this imbalance. 
Next we applied the combined feature selection and rule-based methodology 
to create rule-based models from the decision tables, as done in Paper I. A 
single rule-based model was obtained for each protein in each of the sub-
types separately. 

Results 
High quality classifiers, with cross-validation accuracies ranging from 
83.4% to 98.9% for both H1N1 and H3N2 subtypes, were suggestive of a 
strong host-specific signal in both the subtypes. The models were validated 
by a 10-fold cross validation loop as well as by the unseen dataset. Table 4 
shows the HA model for the H1N1 subtype. 

As expected, we found combinatorial host-specific signatures (HSSs) in 
HA, M1, M2, NP, NS1, NS2 (alias NEP), PA, PB1, PB2 and PA-X (a frame-
shift protein from the PA gene) in the H1N1 subtype. In H3N2 subtype, 
combinatorial HSSs were found in the M1, M2, NS2, PB1 and PB2 proteins. 
All of combinatorial HSSs were novel since this was the first time combina-
torics was taken into account for predicting HSSs. Furthermore, in addition 
to identifying 132 novel singular HSSs, we described 18 specific aa muta-
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tions – 8 in H1N1 and 10 in H3N2 – that might affect host adaptation of 
these viruses. With the help of phylogenetic analysis, we proved that the 
HSSs were not specific to sub-clades as they were evenly spread out across 
the phylogeny. Next, we showed that HA, NA, PA-X, PA, PB1-F2 and PB1 
proteins of the H3N2 viruses carried only H3N2-specific HSSs. While the 
M1, M2, NP, NS1, NS2 and PB2 proteins of H3N2, in addition to carrying 
the stronger H3N2 signatures, also carried H1N1 signatures. Also, the HA, 
NA, NP, NS1, NS2, PA-X and PA proteins of H1N1 were shown to carry 
H1N1-specific HSSs while the other proteins carried HSSs of both subtypes. 

Table 4. Rule-based model for hemagglutinin (HA) protein in H1N1 subtype 

Rule Accuracy(%) Support 
DecisionCove-
rage(%) 

IF P435=I THEN host=Human 99.9 5128 98.4 
IF P200=S THEN host=Human 99.9 4052 77.8 
IF P10=Y THEN host=Human 99.8 3998 76.7 
IF P88=S THEN host=Human 99.9 3989 76.5 
IF P6=V THEN host=Human 99.8 3936 75.5 
IF P222=R THEN host=Human 99.9 3823 73.4 
IF P220=T THEN host=Human 100.0 3584 68.8 
IF P516=K THEN host=Human 99.9 1818 34.9 
IF P200=P and P222=K THEN 
host=Avian 91.3 229 97.7 
IF P130=K THEN host=Avian 91.3 218 93.0 
IF P2=E and P222=K THEN 
host=Avian 96.2 208 93.5 
IF P137=A and P544=L THEN 
host=Avian 96.1 205 92.1 
IF P78=L and P435=V THEN 
host=Avian 97.1 204 92.5 
IF P9=F THEN host=Avian 98.5 204 93.9 
IF P6=F THEN host=Avian 98.2 169 77.6 
IF P14=V THEN host=Avian 99.4 165 76.6 
IF P173=T THEN host=Avian 98.7 158 72.9 

Paper III 
A gradually built up immune response specifies protection against Simian 
Immunodeficiency Virus infection in Rhesus Macaques 

Background 
Since no candidate HIV vaccine has shown reliable protection to date, the 
development of an effective HIV vaccine has been attracting major interest 
from researchers. For this purpose, nonhuman primate (NHP) models are 
extensively used where the vaccine and its protection mechanisms can be 
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monitored efficiently. In fact, significant protection against low-dose SIV 
challenges has already been achieved in some NHP model studies. However, 
the dynamics of such protection are still poorly understood. In this study we 
employed the rule-based modeling strategy to analyze the transcriptomic 
profiles of Rhesus Macaques, immunized by a promising HIV/SIV vaccine 
candidate – the DNA-prime/modified vaccinia Ankara (DNA/MVA) – after 
serially challenging them with a low dose of SIV.  

Data 
Animals were profiled at multiple time points – at days 0, 1, 3, 4 and 7 (D0, 
D1, D3, D4 and D7, respectively) – and at multiple stages – at weeks 0, 16 
and 32 (W0, W16 and W32, respectively) – and after the first SIV challenge 
(C1). Briefly, the animals were primed with the DNA vaccine at W0 and 
were given two MVA boosts at W16 and W32 before serial low-dose SIV 
challenges that began at week 57 (Figure 7). The complete immunization 
procedure is detailed elsewhere [86]. We used the transcriptomic profiles of 
22 animals that were profiled at all the time points at all the stages. This data 
is publicly available at the Gene Expression Omnibus (GEO) (accession: 
GSE93835). The validation data used was a separate transcriptomic dataset 
from the vaccine trial of recombinant Aventis Pasteur’s canarypox vector 
(ALVAC-SIV gp120) with GEO accession: GSE72624 [87]. 

 
Figure 8. The study design. 

Methods 
The immunological and viral profiling of the animals included in the study is 
described in [86]. We analyzed the transcriptomic data at each stage sepa-
rately. At a given stage, we compared the expression of all the profiled genes 
between all the time points. For example, at W0, the expression of each gene 
was compared between D0-D1, D0-D3, D0-D7, D1-D3, D1-D7 and D3-D7. 
In this way we discretized the expression changes into up-regulated (Up), 
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down-regulated (Down) or no-change (NC). Genes that showed at least a 1.5 
fold increase in expression were labeled Up, at least a 1.5 fold decrease in 
expression were labeled Down and all the others were labeled NC. Then, we 
transformed this information into a decision table where rows were the ani-
mals and columns were the discretized expression changes for all the genes 
between all the time points, as described above. The animals were labeled as 
Late, if they sustained 7 or more challenges, or Early if they were infected in 
3 or less than 3 challenges. After selecting the most informative gene chang-
es by MCFS [56], we inferred rule-based models with ROSETTA software 
[62], for each stage separately. From the rule-based models we created rule-
networks with the VisuNet tool [88]. Rule-networks are co-predictive net-
works since they visualize the interactions of features from the rule-based 
models and different by definition than other biological networks like co-
expression networks.  

Results 
The rules constituting the models for each stage associated genes and their 
expression dynamics with protection or susceptibility against SIV infection. 
Specifically, we observed that in the Late group, proportion of NC genes 
declined gradually from 100% to 80.5% to 65% at W0, W16 and W32 re-
spectively while the number of changing genes (Up or Down) increased 
from 0% at W0 to 35.2% at W32. However, a completely opposite trend was 
observed in the Early group. Here the NC genes increased overtime from 9.6 
at W0 to 94.5% at W32 while the changing genes decreased from 90.4 to 
5.5%. This dynamic suggested that vaccine protection is negatively correlat-
ed to a strong transcriptional response after the first prime and positively 
correlated to a gradual activation of the immune response mediating protec-
tion against the SIV infection. Specifically, the genes involved in cell death, 
leukocyte migration, proliferation and antibody production were suppressed 
or kept at basal levels in the Late group. Contrastingly, in the Early group, 
innate immune mechanisms, such as macrophage activation, migration of 
antigen presenting cells and the production of nitrous oxide, were activated. 

This hypothesis was validated in a separate dataset described earlier. Here 
we followed the exact bioinformatics procedure to create rule-based models 
and observed the same dynamics of expression in the Late and Early groups. 

Paper IV 
Novel long noncoding RNAs associated to multiple cancers 
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Background 
The roles of lncRNAs in various biological processes like cell differentiation 
and development and chromatin remodeling etc. have been characterized 
previously [8, 9]. Although, their involvement in cancer has previously been 
suggested [11, 12], it is yet to be completely understood. A catalogue of 
novel lncRNAs whose expressions are disrupted in cancer specific or a pan-
cancer manner could offer new candidate lncRNAs to be tested experimen-
tally. Current methods to find DE genes mostly analyze population level 
differences of expression where the individual level heterogeneity is not 
taken into account.  

Data 
We analyzed 1090 RNA-seq profiles – 556 tumors and 534 normal samples 
– from The Cancer Genome Atlas (TCGA) (http://cancergenome.nih.gov) 
database for 9 cancer types, namely Breast invasive carcinoma (BRCA), 
Colon adenocarcinoma (COAD), Head and Neck squamous cell carcinoma 
(HNSC), Kidney renal clear cell carcinoma (KIRC), Liver hepatocellular 
carcinoma (LIHC), Lung adenocarcinoma (LUAD), Lung squamous cell 
carcinoma (LUSC), Prostate adenocarcinoma (PRAD) and Thyroid carcino-
ma (THCA). For each of the cancer types we downloaded RNA-seq data 
where the tumor and matching normal tissue samples were sequenced in the 
same individuals. 

Methods 
We performed differential gene expression analysis for each cancer at the 
individual level. We compared the expression of lncRNAs between the tu-
mor and normal samples in each individual separately. Genes were labeled 
up, down or no-change if the expression value in the cancerous samples 
were: 1) two folds higher or lower than the value in normal sample from the 
same individual 2) two standard deviations away from the mean of all the 
normal samples (z-score > 2) in all individuals. Then, the number of cancer-
ous samples a gene was dysregulated in (up or down), was counted. Genes 
that had dysregulated expression in at least 50% of the cancer samples were 
called to be DE. The methodology is summarized in Figure 9.  

Results 
We found a total of 1742 DE lncRNAs across all the cancers. 1017 (58.3% 
of the total DE lncRNAs) were DE in only one cancer type (cancer-specific 
DE lncRNAs) while the remaining were shared at least across two cancers. 
The lncRNAs that were DE in three or more cancer types were labeled as 
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pan-cancer DE lncRNAs. FGF14-AS2 was downregulated in all cancer types 
but THCA and was previously shown to be associated with prognosis and 
progression of breast cancer [89]. MIR22HG and AC144831.1 were down 
regulated in 7 cancer types and MBNL1-AS1, LINC00092, HAGLR (alias 
HOXD-AS1), COLCA1, LINC00982, AC009005.2 and B4GALT1-AS1 
were dysregulated in 6 cancer types. In total we identified 38 novel pan-
cancer and 308 cancer-specific DE lncRNAs while the remaining 1396 were 
also identified to be DE by other studies.  

 
Figure 9. General methodology to find DE lncRNAs  

Furthermore, we identified the association of 71, 187, 42, 149, 206, 101, 
151, 30 and 257 DE lncRNAs to BRCA, COAD, HNSC, KIRC, LIHC, LU-
AD, LUSC, PRAD and THCA respectively, which had not been previously 
reported in the context of the mentioned cancers. 
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Concluding remarks and future prospect 

Diseases have been haunting mankind from the very cradle. Most modern 
diseases are mild and can be treated with relative ease, while a few are fre-
quently fatal and do not yet have a cure. Diseases can be caused by foreign 
agents – pathogens – such as viruses, bacteria, fungi and other parasites in-
fecting our body; or by an internal malfunction of the body itself, such as 
with genetic disorders. Viral diseases have especially proven to bear severe 
consequences for human life. Pandemics caused by the outbreak IAVs, such 
as the 1918 Spanish flu, the 1957 Asian flu and the 1968 Korean flu have 
killed more than 50 million people worldwide [90]. For diseases like AIDS 
(caused by HIV) and cancer (predominantly a genetic disease), we still have 
no effective cure. To move closer to achieving reliable protection against 
such diseases, a significant improvement to our understanding of theses dis-
eases and their causal agents is required.  

To this end, we studied IAVs in Paper I and Paper II. In Paper I we ap-
plied feature selection and rule-based methodology to identify a viral genetic 
background, specific to the avian HP influenza viruses. Several studies [68-
72] had suggested such a viral background but we were the first to identify 
it. In Paper II we applied the same machine learning methodology to analyze 
genomic differences of avian and human IAVs of the H1N1 and H3N2 sub-
types. Due to the complex nature of the host-adaptation process, we suspect-
ed that in addition to singular genomic signatures, the viruses might be using 
aa residues combinatorially in order to specify new hosts. This was indeed 
the case and we found several combinatorial HSSs in addition to 132 novel 
singular HSSs. Our study was the first of its kind in the context of host adap-
tation and highlights the importance of considering combinatorics when 
carrying out such analyses. Our findings narrows down the list of candidate 
genomic markers that can be tested experimentally in pathogenicity and host 
adaptation studies. Such experimental verification will pave the way for a 
better understanding of the evolution of IAVs, for better diagnosis and for 
the development of more potent vaccines against IAVs. 

Development of an HIV vaccine has attracted the interest of many re-
searchers, since no such vaccine has been shown to deliver reliable protec-
tion to date. As a step towards that goal, in Paper III, we analyzed the dy-
namics of protection delivered by a promising HIV vaccine candidate 
(DNA/MVA vaccine) in Rhesus Macaques. We applied our multivariate 
rule-based modeling strategy and found that the successfully protected ani-
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mals gradually built up their immune responses to the vaccine while the un-
successfully protected animals reacted to the vaccine with a strong innate 
immunoresponse. The validation of this trend in an independent ALVAC-
SIV vaccine study data set provides support to our findings; however, further 
studies will be required to understand them detail. Once verified, the 
SIV/HIV vaccine production could possibly take our findings into account 
and suppress the earlier innate immunity response and encourage a slowly 
built up response. 

In Paper IV DE lncRNAs were identified on an individual level. Our 
analysis takes into account the individual heterogeneity in cancer patients, 
something that is ignored in population-level analyses by definition. We 
identified novel lncRNAs whose expression was found to be dysregulated in 
multiple cancer types. The down-regulation of these in multiple cancers 
could point towards their potential role in tumor suppressor activity while 
the up-regulation could be a sign of their involvement in oncogenic process-
es. The lncRNAs that were upregulated in some cancers and down-regulated 
in others need to be specifically studied in-depth before being associated 
with any role in tumorigenesis. Furthermore, the existence of cancer-specific 
DE lncRNAs points towards a possible specific role in the associated cancer 
and adds a little clarity to the otherwise nebulous heterogeneity of cancer. 

To overcome noisy data, reduce the dimensionality and rank attributes by 
their discriminatory power among different classes, we employed Monte 
Carlo feature selection (MCFS) technique. As opposed to other methods, 
MCFS incorporates interdependency of features for the assessment how 
useful a single feature is, from a classification point of view. Moreover, we 
systematically showed how under-sampling can be used to address challeng-
es posed by imbalanced data. The aim of this thesis was to model the com-
plex diseases and their causal agents and then further analyze these models 
to make inferences about the underlying biological mechanisms driving the 
diseases. To achieve this, the models created needed to be transparent, i.e. 
easy to read and interpret. Therefore, we created rule-based models based on 
the rough set theory. In contrast to models created with other machine learn-
ing methods like artificial neural networks and support vector machines, the 
rule-based models consisted of IF..THEN rules, and hence provided legibil-
ity and easy interpretation. 

In conclusion, we systematically employed various machine-learning 
techniques to model some of the most complex human diseases and their 
causal agents. All in all, this thesis is a “computational step” towards a better 
understanding of these diseases and their etiology. The results achieved by 
using our rule-based modeling strategies highlight the usefulness and ap-
plicability of machine learning approaches and their derivatives in the Life 
sciences.  
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Sammanfattning på Svenska 

Sjukdomar har hotat människan så länge hon existerat. De flesta moderna 
sjukdomar är milda och kan behandlas med triviala metoder, medans ett fåtal 
är dödliga och saknar effektiv behandling. Sjukdomar kan orsakas av främ-
mande agenter – patogener – så som virus, bakterier, svamp, eller andra pa-
rasiter; eller så kan sjukdomen komma från interna felaktigheter i kroppen, 
så kallade genetiska sjukdomar. Virus-baserade sjukdomar framförallt har 
visats ha en drastisk effekt på mänskligt liv. Pandemier orsakade av influ-
ensa A virus (IAV) utbrott, så som spanska influensan år 1918, Asiatiska 
influensan år 1957, och Koreanska influensan år 1968, har skördat fler än 50 
miljoner människoliv [90]. Sjukdomar som AIDS och cancer (en framförallt 
genetisk sjukdom) saknar fortfarande effektiv behandling. För att kunna 
utveckla pålitliga skydd och vaccin mot sjukdomar som dessa krävs en mar-
kant ökning av vår förståelse om både sjukdom och de orsakande agenterna. 
För att åstadkomma detta studerade via IAVs I artikel I och II. I artikel I 
använde vi attribut-selektion och regelbaserad metodik för att identifiera den 
genetiska bakgrunden till de högpatogena stammarna av fågelinfluensan. 
Flertalet studier [68-72] hade teoretiserat en sådan genetisk bakgrund men vi 
var de första att identifiera den. I artikel II applicerade vi samma maskinin-
lärningsmetodik i syfte att analysera skillnaderna mellan fågel- och männi-
sko- baserade IAVs för H1N1 och H3N2 undergrupperna av influensan. Den 
komplexa naturen av värd-anpassningsprocessen ledde oss till att anta att 
virusen använde sig av både singulära genomiska signaturer och kombinato-
riska sådana för att specificera nya värdar. Detta visade sig vara fallet och vi 
upptäckte flera kombinatoriska värdspecifika signaturer utöver de 132 nya 
singulära varianterna. Vår studie var den första av sitt slag inom värdanpass-
ning och belyser vikten av att överväga kombinatoriken i sådana analyser. 
Våra resultat begränsar listan av de genomiska markörer som behöver testas 
experimentellt i patogen- och värdanpassnings- studier. Sådan experimentell 
verifikation kommer att leda vägen fram till en bättre förståelse för IAVs och 
potentiellt en effektiv vaccinering mot dem. 

Utvecklingen av AIDS vaccin har intresserat många forskare eftersom 
inget sådant vaccin än så länge kunnat leverera ett pålitligt skydd. Som ett 
steg mot det målet analyserade vi i artikel III skyddsdynamiken av ett lo-
vande HIV vaccin (DNA/MVA vaccin) i Rhesusapor (Macaca Mulatta). Vi 
applicerade vår multivariata regelbaserade modellstrategi och fann att de 
apor som fått ett fungerande AIDS-skydd hade långsamt byggt upp sitt im-
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munsvar mot vaccinet medans de apor som ej utvecklat ett fungerande skydd 
hade besvarat inokuleringen snabbt med en stark respons från det medfödda 
immunförsvaret. Valideringen av denna trend i data från en oberoende AL-
VAC-SIV vaccin studie stödjer våra resultat; det kommer dock krävas fler 
studier för att till fullo förstå detaljerna. Med följdstudierna gjorda så borde 
kommande vaccinationstekniker ta med i beräkningarna vikten av att för-
trycka det medfödda immunförsvaret i vaccinationens tidiga stadium och 
främja en långsam immunrespons. 

I artikel IV identifierades DE lncRNAs på en individuell nivå. Vår analys 
tog med i beräkningarna den individuella heterogenitet som förekommer i 
cancerpatienter, något som per definition ignoreras i befolknings-nivå ana-
lyser. Vi identifierade flera nya lncRNAs vars uttryck avreglerats i flera can-
certyper. Nedreglering av dessa inom flera cancertyper pekar på en potentiell 
roll inom tumör-hindrande aktiviteter medans uppreglering indikerar en roll 
inom onkogeniska processer. De lncRNAs som visat på uppreglering i vissa 
cancertyper och nedreglering i andra bör studeras i detalj innan de associeras 
med någon specifik roll inom tumorigenes. Dessutom indikerar existensen 
av cancerspecifika DE lncRNAs potentiellt unika roller för dessa inom varje 
cancertyp. 

För att filtrera våra data använde vi Monte Carlo feature selection 
(MCFS). Till skillnad från andra metoder så inkorporerar MCFS interbero-
ende mellan attribut för att bedöma hur viktigt ett attribut är i klassifikation.  
Dessutom så visade vi hur klass-baserad underanvändning av observationer 
kan lösa problem skapade av obalanserade data.  

Syftet med denna avhandling var att modellera komplexa sjukdomar och 
deras orsakande agenter för att sedan analysera modellerna och därifrån här-
leda de underliggande biologiska mekanismerna bakom sjukdomen. För att 
åstadkomma detta behövde modellerna vara transparenta, d.v.s. tolknings-
bara. Därför använde vi regelbaserade modeller baserade på Rough Set teori. 
Till skillnad från modeller skapade genom artificiella neurala nätverk eller 
stödvektor-maskiner så kan regelbaserade modeller läsas och tolkas enkelt. I 
sammanfattning så använde vi maskininlärningsmetoder för att modellera 
några av de mest komplexa mänskliga sjukdomarna och deras orsakande 
agenter.  

Allt som allt är denna avhandling ett ”beräkningssteg” mot en utökad för-
ståelse för några av de dödligaste sjukdomarna som finns och deras etiolo-
gier. Resultaten vi uppnådde genom våra regelbaserade modellstrategier 
belyser effekten och applikationsmöjligheterna av maskininlärning och dess 
derivat inom biovetenskapen. 
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