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Abstract	

Virus infections impose a huge disease burden on humanity and new 
viruses are continuously found. As most studies of viral disease are 
limited to the investigation of known viruses, it is important to charac-
terize all circulating viruses. Thus, a broad and unselective exploration 
of the virus flora would be the most productive development of modern 
virology. Fueled by the reduction in sequencing costs and the unbiased 
nature of shotgun sequencing, viral metagenomics has rapidly become 
the strategy of choice for this exploration. 

This thesis mainly focuses on improving key methods used in viral 
metagenomics as well as the complete viral characterization of two sets 
of samples using these methods. The major methods developed are an 
efficient automated analysis pipeline for metagenomics data and two 
novel, more accurate, alignment algorithms for 454 sequencing data. The 
automated pipeline facilitates rapid, complete and effortless analysis of 
metagenomics samples, which in turn enables detection of potential 
pathogens, for instance in patient samples. The two new alignment 
algorithms developed cover comparisons both against nucleotide and 
protein databases, while retaining the underlying 454 data representa-
tion. Furthermore, a simulator for 454 data was developed in order to 
evaluate these methods. This simulator is currently the fastest and most 
complete simulator of 454 data, which enables further development of 
algorithms and methods. Finally, we have successfully used these 
methods to fully characterize a multitude of samples, including samples 
collected from children suffering from severe lower respiratory tract 
infections as well as patients diagnosed with chronic fatigue syndrome, 
both of which presented in this thesis. In these studies, a complete viral 
characterization has revealed the presence of both expected and 
unexpected viral pathogens as well as many potential novel viruses. 
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Populärvetenskaplig	
sammanfattning	

Metoder	för	att	bestämma	sammansättningen	av	virus	i	
patientprover.	

Denna avhandling hanterar främst hur man kan ta reda på vilka virus 
som infekterar oss, genom att studera det genetiska materialet (DNA) i 
insamlade prover.  

Under det senaste årtiondes har det skett explosionsartad utveckling av 
möjligheterna att bestämma det DNA som finns i ett prov. Det är t.ex. 
möjligt att bestämma en persons kompletta arvsanlag för mindre än 
10’000 dollar, i jämförelse med 3 miljarder dollar för det första, som 
färdigställdes för ca 10 år sedan. Denna utveckling har emellertid inte 
bara gjort det möjligt att ”billigt” bestämma en persons DNA utan också 
möjliggjort storskaliga studier av arvsanlaget hos de virus och bakterier 
som finns i våra kroppar. För att kunna förstå allt det data som genereras 
behöver vi dock ta hjälp av datorer. Bioinformatik är det ämnesområde 
som innefattar att lagra, hantera och analysera just dessa data.   

Analys av DNA insamlat från prover med okänt innehåll (så kallad 
metagenomik) kräver användandet av en stor mängd bioinformatiska 
metoder. Till exempel, för att förstå vad som hittats i provet måste det 
jämföras med stora databaser med känt innehåll. Tyvärr så har vi ännu 
inte samlat in och karaktäriserat mer än en bråkdel av allt genetiskt 
material som står att finna bland bakterier, virus och andra patogener. 
Dessa ickekompletta databaser, samt de fel som uppstår under in-
samlingen av data, försvårar djupgående analyser avsevärt. Vidare så 
har ökningen av mängden data som genererats samt växande databaser 
gjort de här analyserna mer och mer tidskrävande.  

I denna avhandling har vi använt och utvecklat nya bioinformatiska 
metoder för att bättre och snabbare förstå och analysera metage-
nomikdata. Vi har både utvecklat nya sätt att använda befintliga 
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sökmetoder för att så snabbt som möjligt ta reda på vad ett prov 
innehåller samt utvecklat flera metoder för att hantera de fel som 
uppstår när ett provs DNA bestäms.  De här bioinformatiska metoderna 
och verktygen har redan används för att kartlägga ett flertal material, 
bl.a. virusinnehållet i prov insamlat från barn som lider av svår lägre 
luftvägsinfektion samt patienter som lider av kroniskt trötthetssyndrom. 
Till följd av en mängd analyser har de flesta processerna finputsats och 
automatiserats så att beräkningar och analyser kan ske utan mänsklig 
inverkan. Detta möjliggör t.ex. att det i framtiden kommer gå att 
använda denna eller liknande metoder som ett kliniskt verktyg för att ta 
reda på de möjliga virus som infekterar en enskild patient. 
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1 Introduction	
My thesis work has been carried out in the field of bioinformatics, 
applied to viral metagenomics. The main goal of the work has been; to 
develop and/or find present methods needed to enable the search for 
new viral pathogens. In this effort, source materials collected from 
various places, and from individuals suffering from a broad range of 
illnesses, have been analyzed. And through analysis of these samples, I 
have come in contact with many areas of bioinformatics and been faced 
with several hitherto unsolved problems. To understand these challeng-
es, this introduction will cover some of the fundamental concepts of 
microbiology as well as provide a brief introduction to the field of 
bioinformatics and DNA sequencing. 

1.1 Life	
Life is a somewhat complex term with many definitions, yet to most 
people there is a clear distinction between living and non-living. 
However, when one goes in to detail it becomes more diffuse and the 
term “life” is constantly challenged by the advances of science. For 
example, are viruses living? If so, are small elements of DNA that can 
change genetic location on their own (transposable elements, transpos-
ons) [3] living? If viruses are not living, are small parasitic bacteria, that 
have genomes much smaller than the largest viruses such as Mimi- and 
Marseilleviruses (which can in turn be plagued by viruses) [4,5], living? 
With the rapid exploration of microbes and viruses I would not be 
surprised if we end up finding a continuum from clearly living 
organisms to dead material. Further challenging the definition of life, 
new supercomputers armed with vast amounts of knowledge can 
occasionally appear to be highly intelligent. For example, since early 
2011 the master of a highly complex questioning game such as Jeopardy 
is a machine (IBM’s Watson).  Restricting ourselves to biological life, the 
central dogma of molecular biology states that biological information is 
transferred from deoxyribonucleic acid (DNA), inherited from past 
generations, via ribonucleic acid (RNA) to synthesized proteins [6], see 
Figure 1.1. Although this description is highly simplified, it still serves as 
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a good introduction to molecular biology. Two major groups of life also 
important to this introduction are; prokaryote (bacteria and archaea) and 
eukaryote life (other life) as there are slight differences between the two 
in the journey from DNA to protein. 

Figure 1.1: The central dogma of molecular biology 

The figure shows the central dogma of molecular biology for eukaryotic life,
where information is passed down from the inherited genes, DNA, via mRNA to
proteins.  The gene contains a promoter region followed by the first exon
containing a start codon (ATG) and further introns and exons. The exons are 
collected through a process called transcription and capped with a 5’-cap while a 
poly-A 3’ tail is added. Finally, the mRNA is translated into protein sequence in
a ribosome and occasionally further modified before becoming a functional 
protein. This figure was adapted from wikipedia.org, used with permission. 
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1.2 DNA	and	RNA		
Deoxyribonucleic acid, DNA, consists of four rather simple molecules, 
called nucleotides or bases (short for nucleobases); adenine (A), 
cytosine (C), guanine (G) and thymine (T). These form long double 
stranded strings, a structure referred to as a double-helix. The two 
strands are compliments of each other, thus each strand by its own hold 
the complete genetic information encoded in these four molecules, see 
Figure 1.2. These long molecules can be interpreted as a sequence of the 
letters A, C, G and T, which is by far the most common way of thinking 
of DNA as a bioinformatician. The genome of an organism, i.e. its DNA, 
can be considered as the blueprint of the organism, from which all parts 
are built. Different organisms have different amounts of DNA, and range 
from as few as 160 kilobases in Carsonella ruddii [7] (less than 1/10th of 
the information stored in a normal digital camera picture), via the 
Human genome of 3.3 gigabases [8] to the approximately 50 times larger 
genome of the Paris japonica plant. In contrast, the genome of the 
common cold virus, Human Rhinovirus, consists of only 7.5 kilobases1, 
while the smallest viruses2 can be as small as 220 bases [9] (approximate-
ly the same number of characters as in this sentence). The structure of 
DNA was first described in full by James D. Watson and Francis Crick in 
1953, also awarded the 1962 Nobel Prize in Physiology or Medicine [10]. 
Watson and Crick instantly realized, once they found out that DNA is 
double stranded, that the information being encoded twice also suggests 
a method for how DNA can be copied. In fact in the article they wrote “It 
has not escaped our notice that the specific pairing we have postulated 
immediately suggests a possible copying mechanism for the genetic 
material” [10]. It turned out they were correct and that DNA is replicated 
through separating the two strands and let each of the two strands serve 
as the template for a new strand, see Figure 1.3.  

The second major macromolecule central to the dogma of molecular 
biology is ribonucleic acid, RNA. While RNA is structurally highly 

                                                           
1 Rhinovirus genomes are composed of single stranded RNA (ssRNA). 
2 Viroids, viruses of plants consisting of just RNA, i.e. lacking a protein coat. 



Introduction 

4 

Figure 1.2: A 2D molecular model of a DNA fragment 

 

The figure shows two paired four nucleotide long DNA-fragments (5’-ACTG-3’ 
on the left paired with 5’-CAGT-3’ on the right). The DNA backbone is
highlighted with bold black sticks and the gray shaded arrows indicate the 5’ →
3’ reading direction of DNA. The 1’ to 5’ notation, in the top left nucleotide 
(adenine), denotes the carbons in the backbone. Adenine and Thymine (A–T) 
form two hydrogen bonds while Guanine and Cytosine (G–C) form three. This 
gives G–C rich regions higher stability compared to A–T regions. This figure was 
adapted from wikipedia.org, used with permission. 
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similar to single stranded DNA, there are two major differences; (a) RNA 
is composed of ribose instead of deoxyribose (which is a ribose that lacks 
an oxygen atom) and (b) RNA has replaced the DNA nucleobase 
thymine (T) with uracil (U). Unlike DNA, RNA is often single stranded 
and much shorter than DNA in most biological contexts. Furthermore, 
the additional oxygen atom (as deoxyribose is replaced by ribose) makes 
RNA less stable than DNA.  

Although certain aspects of the “language” of DNA are still a mystery to 
scientists, many features of DNA are known. For instance, some portions 
of the DNA are used to produce proteins and functional RNAs. These 
regions are genes, and they are often composed of a promoter region 

Figure 1.3: DNA replication model 

The figure describes the DNA replication event which involves several DNA
enzymes. The double-helix is unwound by topoisomerase, the strands are 
separated by DNA helicase exposing the strands and a new strand are built upon 
the two template strands by DNA polymerases. DNA polymerase can only work
in a 5’ → 3’ direction which makes the replication straight forward for the 3’ → 5’ 
template strand (leading strand). The replication at the 5’ → 3’ template strand 
(lagging strand) is instead performed in small steps that leave discontinuous 
segments which are finally joined by DNA ligase. This figure was adapted from 
wikipedia.org, used with permission. 
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followed by exons and introns3, see Figure 1.1. The introns and exons are 
copied into a message carrier molecule called messenger-RNA (mRNA, 
which is a single RNA strand). In eukaryotes, the introns are then 
excised, referred to as splicing, from the mRNA molecule (called pre-
mRNA prior to splicing) and the mRNA is capped at the 5’-end and a 
poly-A tail is added, see Figure 1.1.  Although the product of each exon 
is fixed, a single gene still can produce several proteins through a 
process called alternative splicing. Alternative splicing means that 
different sets of exons can be put together to a finished mRNA, which 
significantly alters the resulting protein, exemplified in Figure 1.4. As a 
consequence of the relative instability of RNA, mRNA is degraded in the 
cell, ranging from within seconds to a few days. Thus, the stability of a 

                                                           
3 True for eukaryote life (animals), while prokaryote (bacteria) life lack introns. 

Figure 1.4: DNA splicing 

 

The illustration shows how alternative splicing can produce two protein 
isoforms from the same gene. Each bar represents an exon where the paths
between show the two different splicing possibilities in this example. The bottom
shapes represents the different three-dimensional (3D) folds the exons take in
their final native structure. This figure was adapted from wikipedia.org, used
with permission. 
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particular mRNA, affects to some extent the amount of protein that will 
be expressed from that particular mRNA molecule. 

RNA is not only used as a message carrier to enable the synthesis of new 
proteins, but also fold into a lot of functional structures in the cell. A few 
examples of other uses of RNA are; ribosomal RNA (rRNA) and transfer 
RNA (tRNA), both of which essential structures used in synthesis of 
protein within the cell, RNA interference (RNAi) or small interfering 
RNA (siRNA) and small nuclear RNA (snRNA) which are the left-over 
introns from splicing which often regulate the amount of protein 
produced. 

1.3 Proteins	
Proteins are key components for all life and serve many functions in the 
living cell. A large portion of the proteins in the body serve as amazing 
nano-machines that perform astonishing tasks at blazing speed, either by 
their own or in larger complexes where several different proteins work 
together. These proteins are often referred to as enzymes, as they 
catalyze biochemical reactions and enable the chemistry that keeps us 
alive. Others proteins serve as building blocks or performs mechanical 
functions, for example actin and myosin which enable contraction in our 
muscles. Proteins also help defend us (immune responses) and are used 
within cell signaling/adhesion and adhesion to foreign objects (for 
example to help barnacles stick to the sea bottom or, to much dismay in 
the marine industry, the bottom of boats). Finally, proteins also may 
serve as an important food and energy resource.  

The cell builds its proteins in micro molecular factories called ribosomes.  
The ribosome is composed of rRNA (ribosomal RNA) folded into 
structural units as well as proteins. The prokaryote ribosome tends to be 
slightly smaller (20 nm) and to be composed to a higher degree of RNA 
(65%), compared to eukaryote ribosome (25-30 nm and approximately 
50/50 RNA/protein). The ribosome interprets the messenger-RNA and 
translates it into an amino acid residue chain (i.e. polypeptide chain or 
protein) with the help transfer-RNA molecules [11]. In the ribosome, 
each set of three nucleotides, called a codon, is recognized by a corre-
sponding tRNA molecule that carries a specific amino acid, which thus 
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determines the exact amino acid sequence, see Figure 1.5. There are 43 = 
64 possible nucleotide triplets (codons) but only 20 different4 amino 
acids plus STOP normally coded for in the ribosome. Consequently, 
some of these codons must code for the same amino acid (referred to as 
degeneracy). While some minor differences occur, most organisms use 

                                                           
4 Usually, there are twenty one different amino acids incorporated by the 
ribosome (thus not counting post-translational modifications), however the extra 
amino acid, selenocysteine, is not directly coded for but incorporated when a 
specific larger mRNA structure is found in place of the UGA codon (one of the 
three STOP codons) [95]. 

Figure 1.5: Protein translation in the ribosome 

 

The figure illustrates how the messenger-RNA (mRNA) is interpreted and 
translated into a protein (amino acid chain) in the ribosome. Each amino acid is
carried by a transfer-RNA (tRNA) molecule which matches the exposed codon in
the ribosome at the A-site. The amino acid is bound to the amino acid chain 
which is being synthesized and moved into the P-site. The tRNA is disassociated 
from the synthesized protein and released by the ribosome (E-site, not shown). 
This figure was adapted from wikipedia.org, used with permission. 
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the same codon to amino acid translations, see Table 1.1. As mentioned, 
proteins are amino acid polymers, i.e. chains of amino acid residues. 
These amino acids are linked together by a covalent chemical bond 
called the peptide-bond5. The properties of the finished protein are 
essentially determined by its 3D structure, referred to as fold. In turn, the 
fold of the protein is mainly determined by the order and properties of 
the amino acids. The process of transcribing DNA into mRNA and 
translation of mRNA into an amino acid sequence is well understood 
and also easily predicted. Unfortunately, it has proven very difficult to 
                                                           
5 Forming the bond causes the release of water, hence occasionally referred to as 
dehydration synthesis. 

Table 1.1: The genetic code 

  Second base 
    U C A G 

Fi
rs
t 
b
as
e 

U 

UUU Phe/F UCU Ser/S UAU Tyr/T UGU Cys/C 
UUC Phe/F UCC Ser/S UAC Tyr/T UGC Cys/C 
UUA Leu/L UCA Ser/S UAA STOP UGA STOP 
UUG Leu/L UCG Ser/S UAG STOP UGG Trp/W 

C 

CUU Leu/L CCU Pro/P CAU His/H CGU Arg/R 
CUC Leu/L CCC Pro/P CAC His/H CGC Arg/R 
CUA Leu/L CCA Pro/P CAA Gln/Q CGA Arg/R 
CUG Leu/L CCG Pro/P CAG Gln/Q CGG Arg/R 

A 

AUU Ile/I ACU Thr/T AAU Asn/N AGU Ser/S 
AUC Ile/I ACC Thr/T AAC Asn/N AGC Ser/S 
AUA Ile/I ACA Thr/T AAA Lys/K AGA Arg/R 
AUG Met/M ACG Thr/T AAG Lys/K AGG Arg/R 

G 

GUU Val/V GCU Ala/A GAU Asp/D GGU Gly/G 
GUC Val/V GCC Ala/A GAC Asp/D GGC Gly/G 
GUA Val/V GCA Ala/A GAA Glu/E GGA Gly/G 
GUG Val/V GCG Ala/A GAG Glu/E GGG Gly/G 

The cell translates triplets of three nucleotides (codon) into amino acids, the 
building blocks of proteins. The AUG codon both codes for Methionine and 
serves as an initiation site for mRNA translation (START). Three of the sixty-four 
combinations codes for “STOP” (UAG, UGA, UGG), which cause the translation 
of the mRNA into amino-acid sequence to be halted and the mRNA and finished 
protein to disassociate from the ribosome. 
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accurately predict protein 3D structure from sequence and also to predict 
the function of a protein given its 3D structure, further described in 1.5.2. 

1.4 Mutations	and	evolution	
The word mutation is common to most people and thoughts often go to 
things such as; nuclear radiation followed by birth defects, cancer or 
perhaps even Godzilla and giant earth worms. While mutations are often 
bad for the particular individual or cell, they are crucial for the emer-
gence and diversification (evolution) of life. As it turns out, new 
mutations could impose anything from no effect at all to a very dire 
effect for the individual, or sometimes even have a positive effect. 
Mutations can even have both a positive and a negative effect at the 
same time. For example, the a glutamic acid (E) to valine (V) amino acid 
substitution (a nucleotide point mutation) in a globin gene causes the 
disease sickle-cell anemia in humans6, while it can also provide 
significant protection against malaria [12,13]. Mutations may occur as 
errors during DNA replication often in connection with various types of 
DNA damage. DNA damage most often occur due to environmental 
stress factors such as UV-light, free radicals or reactive chemicals. 
Fortunately, most of DNA damages and replication errors are corrected 
by repair systems that protect the integrity of the cellular DNA. If these 
systems are damaged or disabled, mutations arise too fast resulting in 
programmed cell death (apoptosis) or occasionally cancer. Mutations can 
either be somatic or passed on to future generations (germ line muta-
tions). Evolution is a process enabled by mutations over time, passed on 
across successive generations, which over millions of years have 
populated the Earth with an impressive range of diversity. The belief 
that the species of the earth have arisen from evolution is often referred 
to as Darwinism, after Charles Darwin, who postulated that the 
evolution of species arises from natural selection [14]. However, more 
recently scientists have begun to adopt a more complex picture of 
evolution. For example, a major player omitted by Darwin is virus. 

                                                           
6 Humans have for most genes two copies (alleles), if both copies have the 
mutation the person suffers from sickle-cell anemia, while if only one copy has 
the mutation the protection against malaria is obtained. 
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Viruses and other pathogens have always exerted evolutionary pressure 
on life, occasionally reducing population sizes to just a few resistant (or 
lucky) individuals [15]. Viruses also play an important role in non-
inherited gene transfer, so called horizontal gene transfer, as viruses can 
ferry genetic material between or within species [16]. These additions to 
the theory may help explain how completely new traits can appear in a 
short time, sometimes in popular science and film referred to as an 
evolutionary leap. 

1.5 Bioinformatics	
Bioinformatics tries to make sense of all these intricate systems and 
dependencies through analyses of biological information. More formally 
bioinformatics is the application of computer science and information 
technology to the field of biology and medicine.  In other words; 
bioinformatics is a very broad field. Bioinformatics entails sequence 
analysis, genome annotation, evolutionary biology, text mining 
(literature analysis) and much more, using algorithms, machine learning, 
information theory, statistics, modeling, simulations and many more 
techniques. In this section, a few of these will be outlined. 

1.5.1 Sequence	analysis	
Sequence analysis is one of the major fields of bioinformatics and most of 
the work performed in this thesis falls into this category. As we touched 
upon in 1.1, the central dogma of molecular biology [6] takes us from 
DNA to protein, see Figure 1.1. Both DNA/RNA and protein can be 
described using a sequence of letters, one for each type of molecule 
(nucleotides or amino acids) in the chain. Sequence analysis is used to 
derive features, function, structure, or evolutionary traits from sequenc-
es. 

The principle of analysis is the same for DNA, RNA and protein and is, 
in all three cases, based on evolution. Simply put, preserved sequence is 
a sign of important/preserved biological function and structure. Most of 
the analysis is carried out through comparing sequences against each 
other or with models (based on sequences). To be able to compare 
sequences we need to define a measurement of distance. Since biological 
sequences evolve through mutations, distance is often defined as the set 
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of most probable mutations that have given rise to two separate 
sequences from a common ancestor. The technique of finding this set of 
mutations is called sequence alignment and is more thoroughly 
explained in section 2.2. 

Sequence analysis may also involve other models where sequence 
comparisons are not central. For instance, gene prediction; where the 
sequence is scanned for gene features such as promoter region, introns 
and exons. Another example is RNA fold recognition; where structures 
are formed through nucleotide base-pairing. 

1.5.2 Structure	analysis	
Many reactions within the cell are governed by molecular structure, and 
hence it is very difficult to perform certain types of analysis on sequenc-
es, without also inferring structure. For instance, we mostly cannot 
determine how proteins interact with each other or ligands, co-factors 
etc. from sequence analysis alone7. Obtaining a protein structure is now 
on most occasions relatively easy8, using X-ray diffraction, once a protein 
crystal is formed. Unfortunately, it has proved difficult to crystallize 
many interesting proteins, for instance most membrane bound proteins 
[17]. As a consequence, there are many more known proteins than 
protein structures, see Figure 1.6. As seen from the figure, the gap 
between known protein sequences and structures is immense and it is 
growing. Filling this gap is an ongoing effort, both by X-ray crystallog-
raphy and bioinformaticians [17,18,19]. Fortunately, some information 
regarding the structure of known proteins can be transferred to 
sequentially similar proteins. The transfer of structural information from 
one protein of common origin (homologous) is called homology 
modeling. Homology modeling is based on the fact that homologous 
proteins often share a highly similar structure. As a consequence, given a 
protein without a determined structure and a related protein, where the 
structure has been determined, the structure can be calculated. While it 
                                                           
7 To be precise, information cannot be obtained without inferring information 
from a related protein. 
8 It can for some proteins be very hard and for instance require a re-
crystallization of a clone with an introduced electron-dense metal atom. 
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is possible to obtain a valid structure just using the underlying chemi-
cal/physical properties that determine fold (often called de novo protein 
structure prediction), it is very difficult. Some of the best methods utilize 
both structural information available from known structures as well as de 
novo energy minimization calculations, for example Rosetta/FoldIt 
[20,21]. Nonetheless, the best methods available to date rarely predict a 
correct structure for proteins of much more than 100 amino acids. On the 
other hand, with the increasing coverage of known protein structures 
through X-ray crystallography, the success of these methods increases. 
Furthermore, these methods are continuously being improved and are 
likely to be the only viable option of closing the gap between known 
proteins and structures [17,22]. 

1.5.3 Text	mining	
Another field of bioinformatics is text mining. The purpose of text 
mining is to extract and compile knowledge from a natural language 
format, potentially spread among thousands of articles. Through 

Figure 1.6: The increase of biological sequences and structures 

 

The figure shows the increase of available biological sequences and structures in
UniProtKB, PDB, SwissProt as well as the quote between UniProtKB and PDB,
respectively, over time. The UniProtKB data is derived from the integration date
(the date a sequence was added to the database) of the sequences in TrEMBL and
SwissProt, downloaded (flatfile) October 1st, 2012. The PDB data is collected
from the PDB website, October 1st, 2012. 
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databases such as PubMed [23] there is an ever increasing amount of 
information freely available. For example, as of October 1st, 2012 there 
are 46,323 bioinformatics articles where the full text is freely available in 
PubMed (search term: bioinformatics, with “Free full text available 
filter” enabled). To successfully extract meaningful data from vast 
amounts of text, automated methods are crucial [24]. The major 
challenge is the processing of natural language which is intrinsically 
non-compatible with structured and ordered data. However, through 
advances in the identification of biological entities such as protein and 
gene name, using so-called ontologies [25], much information can be 
gained [26,27,28].  

1.6 DNA	sequencing	
Although the structure of DNA was discovered in the early 1950s [10] 
some time passed before scientists were able to determine the sequence 
letters of DNA, i.e. the order of nucleotides in the structure. The first real 
DNA sequencing started in early 1970s. In 1973, Gilbert and Maxam 
sequenced 24 basepairs (bp) using a painstaking method known as 
wandering-spot analysis [29]. However, in the mid-1970s two more 
efficient DNA sequencing methods emerged; the first by Maxam and 
Gilbert [30] and the second by Frederick Sanger and co-workers [31,32]. 
Soon the so-called Sanger sequencing (or chain termination sequencing) 
strategy became the favored method, as it was reliable and easy to use 
[32]. The first full DNA genome (bacteriophage phi X174) was completed 
in 1977, by Sanger and his co-workers [33].  

Over the years, the chain termination based method was continuously 
used and developed further, gaining automation and some degree of 
parallelization and was the method of choice for several decades. For 
example, as of 1999, new fully automated machines9 had just become 
available which enabled sequencing of 96 sequences in parallel in only 2 
hours [34].  

                                                           
9 The MegaBACE 1000 DNA Sequencing System from Amersham Pharma-
cia/Molecular and the 3700 DNA Analyzer from Perkin-Elmer Biosystems 
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In 2001 was the first draft of the Human Genome was published [35,36], 
several years earlier than initially anticipated. A major breakthrough was 
the use of the so-called shotgun sequencing methodology [37,38], where 
the DNA sequence is fragmented randomly prior to sequencing. 
Overlapping fragments subsequently assembled together into the 
original DNA sequence with the aid of computers, see section 2.3.  

In 2005, fueled by the sequencing success of the Human Genome and 
increasing demand for cheap sequencing, the first so-called “Next 
generation sequencing” platform, 454 sequencing, was launched [39]. 
The next-generation methods provide massively parallel sequencing of, 
nowadays, millions of fragments at a time. The major next generation 
sequencing methods are; 454 Sequencing [39,40,41], Illumina (Solexa) 
sequencing [42], and (ABI) SOLiD sequencing [43]. However, in recent 
years many more new inventive techniques have emerged, for example 
Ion semiconductor sequencing [44] and so called single molecule 
techniques providing increased read lengths. 

Figure 1.7: The rapid drop of sequencing costs 

 

The rapid drop of sequencing cost poses huge future problems in data storage
and data management. The graph shows the cost of sequencing one megabase-
pairs (x-axis, a logarithmic scale) from September 2001 to January 2012 (y-axis). 
A line with a decline in cost according to Moore’s law (i.e. the price would be cut 
in half every 18 months) which dictates the price drop of computing is also
shown as a reference.  
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The continuous and rapid drop in sequencing cost, see Figure 1.7, have 
and will enable many previously unimaginable studies. However, the 
progress also poses huge challenges for bioinformaticians, both in terms 
of storing, analyzing and communicating all the sequencing data 
produced, as depicted in Figure 1.7 where cost is compared to Moore’s 
law10. 

1.6.1 454	sequencing	
454 sequencing has for several tears been of the major next generation 
sequencing platforms. It is also the method used for the studies in this 
thesis. Roche launched the 454 sequencing platform in 2005, with the 

                                                           
10 Moore’s law states that computing and storing capacity doubles every 18 
month (or analogously the cost of computing/storing decreases). 

Figure 1.8: A 454 sequencing flowgram 

 

The flowgram show the recorded flow peak value for each flowed base (TACG
cycled). Peaks are called using a maximum likelihood estimate, i.e. peaks
between a peak-value of .5 and 1.5 is called as a 1-mer and peaks between 1.5
and 2.5 as a 2-mer etc. A typical peak call is shown where a 1.75(C), a 0.96(G) and
a 0.96(T) would correspond to “CCGT”. As each homopolymer (an n-mer of the
same base, e.g. “CC”) length is estimated from the peak intensity shown in the
flowgram, read inaccuracies in 454 data is often due to incorrect homopolymer
estimation. 
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GS20 instrument. The GS20 instrument produced around 20 million 
bases (Mb) per run [39], which, at the time, was a huge leap in perfor-
mance over Sanger sequencing-based techniques. Since the launch, 454 
sequencing has continuously been improved, and today the GS FLX 
Titanium XL+ instrument produces approximately 1 million reads of 
~700bp/read (i.e. on average 700 Mbp/run), in 23 hours [40,41]. 454 
sequencing is a pyrosequencing11 based method. In brief, nucleotide 
reagents corresponding to detection of each nucleotide (thymine, 
adenine, cytosine and guanine) are repeatedly cycled over each single 
stranded DNA fragment being sequenced. The flowed base reacts with 
the single DNA fragment in synthesis of a complementary strand. The 
intensity of each flowed nucleotide reagents is recorded, as a so-called 
flowpeak and collected in a flowgram [39], see Figure 1.8. Since 
pyrosequencing techniques employ no chain terminators, several 
nucleotides may react at a place where a nucleotide is repeated, for 
instance “AAA” (a homopolymer). As a consequence, the length of the 
homopolymer must be estimated from the peak intensity [39], which is 
different from most other methods. 

  

                                                           
11 Originally developed in Sweden, by Pål Nyrén and Mostafa Ronaghi [96] 
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2 Materials	and	Methods	
The resources, the methods and algorithms used in the thesis will be 
discussed in this chapter. Methods for pairwise sequence alignment and 
database searches will be discussed in more detail as these methods and 
algorithms are essential to this thesis. 

2.1 Biological	databases	
Biological databases are important resources for any bioinformatician, 
but even more important for people like me, doing sequence analysis. 
Fortunately, at lot of these databases are public and freely available. The 
shape and quality of these databases range from unstructured poorly 
annotated sequence repositories, to highly curated databases with 
verified content. As one would expect, there are also often an inverse 
correlation between the quantity and the quality of the databases. 

The two major repositories of nucleotide sequences are EMBL of the 
European Bioinformatics Institute (EBI) [45] and GenBank of the 
National Center for Biotechnology Information (NCBI) [46]. As of 
October 2012 there were approximately 158 million sequences in 
GenBank (v. 192) and 252 million in EMBL (v. 113). These databases are 
very large and are also often unnecessarily cumbersome to search in. As 
a consequence, most searches performed with a nucleotide query involve 
a smaller nucleotide database. NCBI provides such a database for their 
BLAST search tool [47,48] (see section 2.2.4). NCBI NT [46] contains data 
from GenBank, EMBL and DDBJ [49] while excluding a lot of material 
such as shotgun sequencing data which may be highly redundant and 
non-annotated. 

Similarly as with nucleotides, there are two major repositories for 
protein sequence maintained by EBI and NCBI. UniProtKB [50],  
provided by EBI, is the product of a collaboration between EBI, the Swiss 
Institute of Bioinformatics (SIB, which founded SwissProt [51]) and the 
Protein Information Resource (PIR). UniProtKB is divided into two 
subsections, SwissProt and TrEMBL [50]. SwissProt, launched in 1986, is 
one of the oldest sequence databases in bioinformatics. SwissProt 
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contains only high quality data, i.e. manually reviewed and curated 
information, and is considered highly reliable. The much larger TrEMBL 
on the other end contains (mostly) non-reviewed computer generated 
translations from EMBL. As a consequence, TrEMBL is much larger than 
SwissProt, e.g. in October 2012; TrEMBL contained approximately 24 
million sequences, compared to the 530 thousand sequences of 
SwissProt. The major repository for protein sequence maintained by 
NCBI is NR [46]. NR is non-redundant (identical entries are clustered, 
grouped) and contains entries from SwissProt, PIR [52], PDB [1] and a 
few more as well as translated entries from GenBank. In comparison, as 
of October 2012 it contained close to 21 million sequences. NR is the 
default protein database when using the protein version (BLASTp) of the 
popular BLAST search tool. 

2.2 Pairwise	sequence	alignment	
A very central concept to the field of sequence analysis, and thereby the 
whole field of bioinformatics, is pairwise sequence alignment. It is 
basically, just as it sounds, the matching of two sequences, searching for 
an optimal fit given an alignment model, see Figure 2.1. The sequences 
are matched together by allowing three types of modifications; substitu-
tions, insertions and deletions. These modifications are considered as 
they correspond to evolutionary events, where DNA can be deleted, 
inserted (moved) or were read errors can occur (substitutions of a 
nucleotide). The sequence alignment in its simplest form reflects just a 
measurement of distance between two sequences. However, matched 
positions in the alignment should ideally correspond to equivalent 
positions in the two sequences. For example, the same structural position 
in a protein and which thus impose similar effect on properties such as 
activity, affinity, stability, membrane integration etc. The alignment 
problem is an optimality problem (find the best match) and is solved 
exactly through using a mathematical optimization strategy known as 
dynamic programming12 [53].  

                                                           
12 Programming as to find an optimal program/plan and thus has nothing really 
to do with computer programming. 
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2.2.1 Dynamic	programming	
Dynamic programming was originally termed by Richard Bellman in the 
1950s to describe a method for optimal planning as a series of “best 
decisions” [53]. The strength of dynamic programming stems from 
subdividing a problem into a number of subproblems which can be 
solved. The use of dynamic programming in a general context can be 
illustrated by the problem of finding an optimal path through a directed 
(non-circular) graph, see Figure 2.2. In the figure, the optimal path 
problem is sub-divided into the problem of finding the optimal path 
from “START” to each node. Each node can be calculated as the 

Figure 2.1: An alignment example (BLAST) 
Query= gi|344030298|gb|AEM76814.1| polyprotein, partial [Human rhinovirus C35] 
         (2138 letters) 
 
Searching..................................................done 
 
 
>gi|145208674|gb|ABP38409.1| VP1 [Human rhinovirus QPM] 
Length=275 
 
 Score = 375 bits (962), Expect = 9e-122, Method: Compositional matrix adjust. 
 Identities = 175/273 (64%), Positives = 213/273 (78%), Gaps = 2/273 (1%) 
 
Query  565  NPVETFTEEVLKEVLVVPNTQPSGPSHTVRPTALGALEIGASSTAIPETTIETRYVINNH  624 
            NPVE F E  LKEVLVVP+TQ SGP HT +P ALGA+EIGA++   PET IETRYV+N++ 
Sbjct  1    NPVEEFVEHTLKEVLVVPDTQASGPVHTTKPQALGAVEIGATADVGPETLIETRYVMNDN  60 
 
Query  625  VNNEALIENFLGRSSLWANLTLNSSGFVRWDINFQEQAQIRKKLEMFTYARFDMEVTVVT  684 
             N EA +ENFLGRS+LWANL L+  GF +W+INFQE AQ+RKK EMFTY RFD+E+T+VT 
Sbjct  61   TNAEAAVENFLGRSALWANLRLDQ-GFRKWEINFQEHAQVRKKFEMFTYVRFDLEITIVT  119 
 
Query  685  NNRGLMQIMFVPPGAPAPSTHNDKKWDGASNPCVFYQPKSGFPRFTIPFTGLGSAYYMFY  744 
            NN+GLMQIMFVPPG   P   + ++WD ASNP VF+QP SGFPRFTIPFTGLGSAYYMFY 
Sbjct  120  NNKGLMQIMFVPPGITPPGGKDGREWDTASNPSVFFQPNSGFPRFTIPFTGLGSAYYMFY  179 
 
Query  745  DGYDETNPNSVSYGTTIFNDMGKLCFRALEDTEQQTIKVYIKPKHISTWCPRPPRATQYV  804 
            DGYD T+  +++YG ++ NDMG LCFRAL+ T    IKV+ KPKHI+ W PRPPRATQY+ 
Sbjct  180  DGYDGTDDANINYGISLTNDMGTLCFRALDGTGASDIKVFGKPKHITAWIPRPPRATQYL  239 
 
Query  805  HKHSPNYHV-NIGETKELTERHYLKPRDDITTV  836 
            HK S NY+      + EL  +H+ K R DIT++ 
Sbjct  240  HKFSTNYNKPKTSGSTELEPKHFFKYRQDITSI  272 

The figure shows an example alignment (protein BLAST, BLASTp) between the 
polyprotein of Human Rhinovirus C, subtype 35 [93] and the VP1 protein of 
Human Rhinovirus C, subtype 3 [94]. As seen in the figure, often a lot of 
alignment metrics is shown, such as; a score and the associated E-value, number 
of identical letters, the number of gaps etc. Percent identity or E-value is often 
used as a measurement of sequence similarity. For a more detailed description of
E-value, see section 2.2.5. 
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minimum of the cost of walking to previous neighboring nodes 
(neighbors with a directed edge to the node being calculated) plus the 
cost of walking from that neighbor to the node. If the nodes are solved in 
the correct order, finding the optimal path becomes trivial. In this 
particular case, dynamic programming partitions the problem into one 
subproblem for each node. Thus, if there are  nodes there will be  
subproblems and solving it is 	 13. 

2.2.2 Pairwise	sequence	alignment	
In 1970, Needleman and Wunsch published their paper detailing the 
alignment of two sequences and a computational method for solving it, 
using dynamic programming [54]. This has later been referred to as 
global alignment since the sequences are matched over the their entire 
length. The problem of finding an optimal alignment betweeen sequence 

                                                           
13 This is called the “big O notation” and 	  means that the time complexity of 
the algorithm is linear to the number of sub-problems, . 

Figure 2.2: Finding the optimal path in a graph (dynamic program-
ming) 

 

The illustration shows how the optimal path in a graph can be solved by the use
of dynamic program. The problem is subdivided into finding the optimal path to
each node. Thus dynamic programming partitions this particular problem into 
one subproblem per node. The cost for each edge is given as well as the summed
cost in parenthesis and the edges constituting the optimal path are highlighted
with bold arrows. 
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 and  is divided into the subproblem of finding an optimal alignment 
up to position  in  and position  in . The subproblem is then the 
solved by the best path from ‘neighbouring’ positions, i.e. –1,	  (up) 
and ,	 –1  (left) and –1,	 –1  (diagonal). The dynamic programming 
problem is then solved by setting up a matrix of size 1  by 	 1 , 
where each matrix cell corresponds to a subproblem. An example 

Figure 2.3: A global alignment of two nucleotide sequences 

 

The dynamic programming matrix calculated for a global alignment between the 
sequence “CAGATC” (y-axis) and “CTTAGCTG” (x-axis), using the scoring 
model of; match = 4, mismatch = –2 and a fixed gap penalty (insertion/deletion)
of 3. Arrowheads represent which path to the cell resulted in the maximum score
(trace-back) and the path marked by (red) bold cells and bold arrowheads show 
the optimal path. Some cells have several equally optimal paths to it, however
the globally optimal path is in this case unique. 
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alignment can be seen in Figure 2.3. The figure shows the score 
calculated for each cell in the dynamic programming matrix. 
Arrowheads also note which path to the cell was the optimal (can be 
several), often refered to as trace (information). By using the trace, the 
alignment can be constructured in reverse by following the trace from 
the bottom-left corner of the matrix. The optimal alignment is also show 
in the  figure (bottom) using the typical notation format for nucleotide 
sequences, where a pipe character (|) indicates a match and the dash (–) 
indicates gaps. The matrix cell score, , is defined according to equation 
2.1, where  is a gap penalty and , 	  is a match function which 
returns the score of matching the :th letter in  with :th letter in . 

,

	 , , 	

, 																

, 																
 (2.1) 

If the length of the two sequences are  and , the algorithm solves the 
problem in 	  time (or 	 2 , if equally long). 

Although the global alignment algorithm solves the problem exactly, 
given the scoring model, sequences tend to share local similarities more 
often than global. For instance between two protein domains, while the 
other parts of the two proteins are not homologous (of common origin). 
Addressing this issue, the local alignment, as well as a modified dynamic 
programming algorithm to solve it, was published a decade later14 by 
Smith and Waterman [55]. To solve the local alignment two modifica-
tions are needed.  

,

	 , , 	

, 																

, 																
0																																

 (2.2) 

First, a zero is added to the max function, see equation 2.2, and second, 
trace is started from the highest scoring cell instead of the bottom right 
corner and terminated early if a zero-cell is reached, see Figure 2.4.  

                                                           
14 The paper was published in 1981, incidentally the year I was born. 
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Yet another year later, in 1982, Gotoh [56] made an amendment adding 
affine gap cost to the sequence alignment algorithms. Since several 
letters in biological sequences seem to be inserted or deleted at a time, it 
should be less costly to group gaps rather than disperse them over the 
alignment. Gotoh solved this problem by defining the gap cost as a cost 
of opening a gap (gap open cost) as well as the cost of extending the gap 

Figure 2.4: A local alignment of two nucleotide sequences 

 

The dynamic programming matrix calculated for a local alignment between the
sequence the same two sequences; “CAGATC” (y-axis) and “CTTAGCTG” (x-
axis) with the same scoring model of; match = 4, mismatch = –2 and a fixed gap
penalty (insertion/deletion) of 3. Arrowheads represent which path to the cell
was used (trace-back) and the path marked by bold cells/arrowheads show the
optimal path. Note that the traceback is initiated from the maximum cell score of
10 back until a zero cell is found at which point the trace is terminated. 
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(gap extension cost). Thus, the total gap cost of length, , became 
	 	 	 	  rather than 	 	 . In order to solve the dynamic programming 

matrix, Gotoh added two new variables to the equation,  and , see 
equation 2.3.   

,

	 , , 	

, 																													

, 																													
0																																

 (2.3) 

The two variables, ,	  and ,	  represents the optimal alignment up to 
position 	 in  and  in , ending in a gap in  and , respectively. The 

variables are defined as; 	,	 	  	 –1,	 	–	 	–	 ,	 –1,	  –	  and	
	,	  	 	 ,	 –1	–	 	–	 ,	 ,	 –1 –	 15. The modification of the global 

alignment algorithm is analogous (not shown) and these two modified 
algorithms are still today the preeminent methods for solving the two 
problems (exact solution). While dynamic programming methods are 
guaranteed to find the optimal alignment, exact solution, given the 
scoring model used, it does not say that the alignment is biologically 
relevant, or that the score found is statistically significant. 

2.2.3 Scoring	models	and	scoring	matrices	
As seen, for instance in Figure 2.3 and Figure 2.4, a scoring model for the 
alignment is declared. In these particular examples, the scoring model is 
made up to make the two sequences seem related; in fact they are two 
random sequences. For alignment of nucleotide sequences there are a 
few different models commonly used, mostly depending on the expected 
similarity between the two sequences aligned, see Table 2.1. Due to the 
ratio between the match and mismatch score, the minimum possible 
percent identity is affected (for local alignments). For example, if the 1/–
2 (match/mismatch) model is used, each mismatch has to be outweighed 
by two matches to keep the score above zero and as a consequence the 
theoretical minimum alignment identity is >66%. This model would be 
appropriate for alignments with a target identity of 95% [57].  

                                                           
15 Occasionally the cost of opening a gap and extending it to length 1 is described 
as , thus the gap cost of length  becomes 	 	 	 	 –1 . 
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For protein alignment; instead of having a match/mismatch score, a 
substitution scoring matrix is used. A scoring matrix offers the ability to 
score substitutions differently (in comparison to the nucleotide16 case 
where all substitutions are assigned the mismatch score). A scoring 
matrix is used to be able to take into account the various properties of 
amino acids, and the expected impact a substitution will have on the 
folded protein. There are various substitution matrices used, and as with 
nucleotide alignment models, some matrices are better suited for some 
particular tasks. Still, the BLOSUM62 matrix, see Table 2.2, of the 
BLOSUM (BLOcks of amino acid SUbstitution Matrix) series of matrices 
[58], is most often the matrix of choice, and the default choice in most 
bioinformatic software. The matrix is based on observed substitutions in 
a multiple alignment (see 2.4) database of conserved ungapped protein 
families, BLOCKS. The different matrices were calculated from sets that 
were redundancy reduced to various degrees. For instance, the 
BLOSUM62 matrix was calculated from a set where sequences of more 
than 62% pairwise identity were clustered [58]. Other matrices used are 
for instance; PAM (Percentage of Acceptable point Mutations per 108 
years) [59] and the matrix presented by Gonnet et al. [60]. 

                                                           
16 Scoring matrices are occasionally used for nucleotide alignments as well. 

Table 2.1: A few nucleotide alignment models available in BLAST 

Alignment 
model 

Match/mismatch ratio 
(minimum identity) 

Appropriate  
identity 

1/–3   (5 / 2) 0.33   (75%) 99%   
1/–2   (5 / 2) 0.50   (67%) 95%   
2/–3   (5 / 2) 0.66   (60%) 90%   
4/–5   (12 / 8) 0.80   (56%) 83%   
1/–1   (5 / 2) 1.00   (50%) 75%   

The table shows some of the possible alignment models (match/mismatch score 
as well as gap opening/extension costs in parenthesis) available when using 
nucleotide BLAST (BLASTn). The corresponding match/mismatch ratio and 
derived minimum possible identity for a local alignment is shown in the second 
column. These different models are appropriate for different expected identity as 
described by States et. al. [57], showed in the third and last column. 
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Table 2.2: The BLOSUM62 matrix 

  A R N D C Q E G H I L K M F P S T W Y V B J Z X

A  4 ‐1 ‐2 ‐2 0 ‐1 ‐1 0 ‐2 ‐1 ‐1 ‐1 ‐1 ‐2 ‐1 1 0 ‐3 ‐2 0 ‐2 ‐1 ‐1 ‐1

R  ‐1 5 0 ‐2 ‐3 1 0 ‐2 0 ‐3 ‐2 2 ‐1 ‐3 ‐2 ‐1 ‐1 ‐3 ‐2 ‐3 ‐1 ‐2 0 ‐1

N  ‐2 0 6 1 ‐3 0 0 0 1 ‐3 ‐3 0 ‐2 ‐3 ‐2 1 0 ‐4 ‐2 ‐3 4 ‐3 0 ‐1

D  ‐2 ‐2 1 6 ‐3 0 2 ‐1 ‐1 ‐3 ‐4 ‐1 ‐3 ‐3 ‐1 0 ‐1 ‐4 ‐3 ‐3 4 ‐3 1 ‐1

C  0 ‐3 ‐3 ‐3 9 ‐3 ‐4 ‐3 ‐3 ‐1 ‐1 ‐3 ‐1 ‐2 ‐3 ‐1 ‐1 ‐2 ‐2 ‐1 ‐3 ‐1 ‐3 ‐1

Q  ‐1 1 0 0 ‐3 5 2 ‐2 0 ‐3 ‐2 1 0 ‐3 ‐1 0 ‐1 ‐2 ‐1 ‐2 0 ‐2 4 ‐1

E  ‐1 0 0 2 ‐4 2 5 ‐2 0 ‐3 ‐3 1 ‐2 ‐3 ‐1 0 ‐1 ‐3 ‐2 ‐2 1 ‐3 4 ‐1

G  0 ‐2 0 ‐1 ‐3 ‐2 ‐2 6 ‐2 ‐4 ‐4 ‐2 ‐3 ‐3 ‐2 0 ‐2 ‐2 ‐3 ‐3 ‐1 ‐4 ‐2 ‐1

H  ‐2 0 1 ‐1 ‐3 0 0 ‐2 8 ‐3 ‐3 ‐1 ‐2 ‐1 ‐2 ‐1 ‐2 ‐2 2 ‐3 0 ‐3 0 ‐1

I  ‐1 ‐3 ‐3 ‐3 ‐1 ‐3 ‐3 ‐4 ‐3 4 2 ‐3 1 0 ‐3 ‐2 ‐1 ‐3 ‐1 3 ‐3 3 ‐3 ‐1

L  ‐1 ‐2 ‐3 ‐4 ‐1 ‐2 ‐3 ‐4 ‐3 2 4 ‐2 2 0 ‐3 ‐2 ‐1 ‐2 ‐1 1 ‐4 3 ‐3 ‐1

K  ‐1 2 0 ‐1 ‐3 1 1 ‐2 ‐1 ‐3 ‐2 5 ‐1 ‐3 ‐1 0 ‐1 ‐3 ‐2 ‐2 0 ‐3 1 ‐1

M  ‐1 ‐1 ‐2 ‐3 ‐1 0 ‐2 ‐3 ‐2 1 2 ‐1 5 0 ‐2 ‐1 ‐1 ‐1 ‐1 1 ‐3 2 ‐1 ‐1

F  ‐2 ‐3 ‐3 ‐3 ‐2 ‐3 ‐3 ‐3 ‐1 0 0 ‐3 0 6 ‐4 ‐2 ‐2 1 3 ‐1 ‐3 0 ‐3 ‐1

P  ‐1 ‐2 ‐2 ‐1 ‐3 ‐1 ‐1 ‐2 ‐2 ‐3 ‐3 ‐1 ‐2 ‐4 7 ‐1 ‐1 ‐4 ‐3 ‐2 ‐2 ‐3 ‐1 ‐1

S  1 ‐1 1 0 ‐1 0 0 0 ‐1 ‐2 ‐2 0 ‐1 ‐2 ‐1 4 1 ‐3 ‐2 ‐2 0 ‐2 0 ‐1

T  0 ‐1 0 ‐1 ‐1 ‐1 ‐1 ‐2 ‐2 ‐1 ‐1 ‐1 ‐1 ‐2 ‐1 1 5 ‐2 ‐2 0 ‐1 ‐1 ‐1 ‐1

W  ‐3 ‐3 ‐4 ‐4 ‐2 ‐2 ‐3 ‐2 ‐2 ‐3 ‐2 ‐3 ‐1 1 ‐4 ‐3 ‐2 11 2 ‐3 ‐4 ‐2 ‐2 ‐1

Y  ‐2 ‐2 ‐2 ‐3 ‐2 ‐1 ‐2 ‐3 2 ‐1 ‐1 ‐2 ‐1 3 ‐3 ‐2 ‐2 2 7 ‐1 ‐3 ‐1 ‐2 ‐1

V  0 ‐3 ‐3 ‐3 ‐1 ‐2 ‐2 ‐3 ‐3 3 1 ‐2 1 ‐1 ‐2 ‐2 0 ‐3 ‐1 4 ‐3 2 ‐2 ‐1

B  ‐2 ‐1 4 4 ‐3 0 1 ‐1 0 ‐3 ‐4 0 ‐3 ‐3 ‐2 0 ‐1 ‐4 ‐3 ‐3 4 ‐3 0 ‐1

J  ‐1 ‐2 ‐3 ‐3 ‐1 ‐2 ‐3 ‐4 ‐3 3 3 ‐3 2 0 ‐3 ‐2 ‐1 ‐2 ‐1 2 ‐3 3 ‐3 ‐1

Z  ‐1 0 0 1 ‐3 4 4 ‐2 0 ‐3 ‐3 1 ‐1 ‐3 ‐1 0 ‐1 ‐2 ‐2 ‐2 0 ‐3 4 ‐1

X  ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1 ‐1

The table shows the BLOSUM62 substitution matrix [58]. The matrix lists the 
substitution scores for substitutions from one amino acid to another. For 
example, substitution from Asparagine (N) to Aspartic acid (D) yields 1 while 
Asparagine to Alanine (A) yields –2. Note also that the match score is not fixed 
(diagonal, bolded), for instance match of Asparagine (N) yields 6 while Alanine 
(A) yields 4. Substitution matrices are symmetrical and the lower half (under the 
diagonal, grey) mirrors the upper half. The additional letters B, J and Z denote 
residues that are indistinguishable using certain techniques (B: asparagine or 
aspartic acid, J: leucine or isoleucine, Z: glutamine or glutamic acid). X denotes a 
residue of unknown type. 

 



2.2 Pairwise sequence alignment 

29 

2.2.4 Heuristics	and	homology	search	
Dynamic programming is compared to full exhaustive testing (brute 

force) very fast (there are ~2 /√2πn ways to align two sequences of 
length  [53]). For instance, for a sequence length of 	 	100, dynamic 
programming requires 104 cell calculations to find the optimal alignment 
among the staggering ~1060 possible combinations. Still, calculation of 
the full alignment between a query sequence and millions of database 
sequences takes a lot of time. On the other hand, since the result of 
interest in a database search is most often only the best/significant hits 
for the particular query, approximations can be used to eliminate the 
calculation of most alignments. The first such tool is FASTA [61,62] 
(1985) which builds an index of substrings ( -tuples,  is the length of the 
substring) present in a query and investigates alignments involving a 
cluster of such substrings. The sensitivity vs. speed of the method is 
obviously dependent on the size of . Five years later (1990) Altschul et 
al. published a paper detailing an improved tool called BLAST (Basic 
Local Alignment Search Tool) [47,48]. The initial BLAST (version 1) did 
not support gapped alignments, but in 1997 the gapped version of 
BLAST was published [48]. The gapped version of BLAST (version 2) is 
still the BLAST version used today. BLAST employs multiple indexing17 
where not just the subsequence is indexed but also all substrings that in 
an alignment would score more than a threshold score, . For example, 
given 	 	 16, the substring PQG aligned to itself (exact match) using 
BLOSUM62 would score 7	 	 5	 	 6	 	 18 (see diagonal of Table 2.2). 
However, the related substring PEG would score 7	 	2	 	6	 	16 (P vs. P, 
Q vs. E and G vs. G), if aligned to the query substring PQG and would 
therefore also be indexed. BLAST searches for all pairs of matches, called 
a high-scoring segment pair (HSP), sufficiently close together (within a 
distance ) and spaced equally in the query and the database sequence18. 
BLAST then evaluates the HSPs and extends an alignment from the most 
promising pairs, using a Smith-Waterman modification. This method 
achieves the same sensitivity as FASTA, while investigating far less 

                                                           
17 True for a protein query (e.g. BLASTx and tBLASTx), i.e. all but BLASTn 
18 Referred to as on the same diagonal as matches are often plotted with query 
positions on one axis and database positions on the other. 
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potential alignments which makes BLAST faster [63]. BLAST has been 
improved and extended countless times over the years and the BLAST 
tools have become the most widely used tools for sequence alignment 
searches. One of these new tools that have been added is for example 
MegaBLAST [64]. MegaBLAST performs batch queries to reduce the 
number of scans over the database and by default indexes longer words 
(substrings). Furthermore, BLAST does not only support nucleotide-
nucleotide (BLASTn tool) alignments and protein-protein (BLASTp) 
alignments, but also nucleotide-protein alignments (BLASTx, tBLASTn) 
using a codon table (see Table 1.1). Furthermore, it can also scan a 
nucleotide database with a nucleotide query translating both and 
compare them as proteins, using a protein scoring model (tBLASTx). 

Both BLAST and FASTA use query indexing, i.e. query substrings (or 
words) are indexed and the database is parsed for matching words. 
However, sometimes the complete index of database words is small 
enough to fit into the primary memory of a computer. If a database index 
can be used; all matching words can be retrieved by just matching the 
query with the database index and thus parsing a large database is not 
needed. Tools that employ this method very successfully are for example 
SSAHA [65] and BLAT [66]. Both these tools are generally faster than 
BLAST and very useful when many queries need to be matched. 

2.2.5 E‐value:	Making	sense	of	the	score	
As mentioned before, it might be hard to tell whether an alignment is 
biologically relevant or not. Actually, even a score of for instance 100 
may be good or bad depending on the context, such as scoring model 
and query/database size. For instance, if a single match is rewarded a 
score of 100, it would only take a database containing all 20 amino acids 
or all 4 nucleotides to give at least such a score for any query of at least 
one letter. Or if the database is infinitely large, for all queries a perfect 
match would be found. Addressing this issue, an E-value is used to tell 
whether an alignment is statistically relevant or not. The E-value 
declares how frequent a particular score appears by chance, given the 
alignment model, query and database length [67]. For example, an E-
value of 0.01 (1/100) for a score , is interpreted as 1/100 alignments 
between a random query sequences of equal length against the same 
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database would render a score of  or greater. Or similarly, if we pose 
100 such queries we should expect at least one query to score at least  
by chance. Most alignment search tools such as BLAST and FASTA etc. 
provides an E-value for each alignment to help assess whether it is a 
statistically significant alignment or not. With that said, just because an 
alignment is statistically significant does not prove that two sequences 
are homologs or that the alignment is biologically relevant. For instance, 
occasionally evolution provides similar solutions for a problem and the 
observed similarity between two sequences are due to convergent 
evolution or just chance, and not due to homology.  

2.3 De	novo	sequence	assembly	
In sequencing of the human genome, shotgun sequencing [37,38] was for 
the first time applied successfully to a large genome [36]. The shotgun 
sequencing methodology in brief employs; 

1. Random fragmenting of the DNA, often through sheering. 
2. Sequencing of the fragments 
3. Re-assembly in silico, a process called sequence assembly. 

The de novo sequence assembly methodology relies on sequence 
alignment to find an unambiguous set of overlaps between fragments so 
that these can form a longer continuous sequence (contig). The sequence 
assembly problem could be compared to trying to lay a puzzle of 
millions of pieces where there may be a lot of sky (repetitive motif), 
pieces may be damaged and pieces from other puzzles are thrown into 
the mix. There are several algorithms designed to tackle this problem, for 
instance algorithms using de Bruijn graphs [68]. De Bruijn graphs are in 
brief built through representing all words of a certain length, –1, as 
nodes in a graph. The reads (sequenced fragments) are then mapped as 
edges connecting these nodes. For instance, given =3 and that the -mer 
ATG is found in a read, a directed edge is added between the two nodes 
of length –1, AT and TG. A path that visits a set of edges in the graph, 
exactly once, is then sought and if recorded will spell-out the continuous 
sequence (contigs). The process is iterated until no more edges are left 
and all contigs are found [68]. Another type of algorithms often 
employed is so-called greedy algorithms, where the most overlapping 
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reads are assembled first into contiguous sequences (contigs). The 
contigs are then iteratively extended until no more significant overlaps 
are found. The choice of algorithm depends on the data, but the ability of 
de Bruijn graphs to tackle both repeating elements and millions of short 
reads makes it the method of choice for handling the data of modern 
sequencing platforms [68]. There are lots of different assembly programs 
which use these two and other algorithms. A few of these which I have 
worked with during my PhD-time are; Newbler (a reference assembly 
program for 454 sequencing data by Roche), MIRA and Celera WGA 
Assembler.  

2.4 Multiple	sequence	alignment	
Occasionally, it is also useful to be able to analyze a group of sequences 
(most often proteins) which one have found to be homologous, for 
instance by using a search tool such as BLAST. By arranging (aligning) 
several homologous sequences at once, much information can be gained. 
The information sought here is the actual alignment and not so much the 
score (E-value) as with pairwise alignments. The objective is often to find 
regions of importance (conserved regions) but can also be to perform 
further analysis to predict structural features such as secondary structure 
(e.g. PSIPRED [69]) or residue-residue proximity (e.g. PSICOV [70]). 

The exact solution procedure of a multiple sequence alignment (MSA) 
can be extended from the pairwise alignment with analogous reasoning, 
referred to as simultaneous alignment. However, the time complexity 
also follows and thus is 	 , where  is the sequence length and  is 
the number of sequences in the alignment. This makes the exact method 
highly unpractical for most applications, for instance the small alignment 
task of 20 sequences of length 100 means the calculation of 1040	cells. A 
frequently used alternative heuristic (approximate) method is called 
progressive. Progressive method performs the following steps: 

 Pairwise align all sequences and build a distance matrix 
 Build a so-called guide tree from the distance matrix 
 Start with aligning the two most similar sequences and then 

iteratively add sequences according to the guide tree. 
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On the downside, progressive methods are not guaranteed to find the 
globally optimal solution. The problem arises from that errors made 
when adding sequences to the growing MSA are never corrected and 
thus propagated to the final result. An example of a progressive method 
is ClustalW, published in 1994 [71]. ClustalW is one of the most popular 
MSA methods and uses adjustable weights adjusted during the progress 
of building the MSA, which counter the most serious drawbacks of the 
progressive method. Since ClustalW was published, many newer 
methods which are both more accurate and faster, e.g. Mafft [72] and 
Muscle [73], have been published. Still, ClustalW remains one of the 
most popular methods [74]. Clustal has also been further developed, for 
instance with a supporting graphical interface in ClustalX [75] and most 
recently Clustal Omega which provides improved accuracy and 
scalability [76]. 

2.4.1 Evolutionary	analysis	
Multiple sequence alignments can also be used to construct evolutionary 
trees, see Figure 2.5. The phylogenetic tree in the figure is created using 
ClustalX [75] which employs bootstrapping to assert branching order.  
Bootstrapping (in phylogenetics) is a process in which columns of the 
MSA are sampled with replacements (called pseudo replicates) [77]. 
Through this process, a large number of trees are built from different 
subsets of columns. The trees are then analyzed and especially the 
branching of the trees. If a particular branching occurs in a large number 
of the trees, the branching is considered confident (for instance if more 
than 90% of the trees branched in the same way). In Figure 2.5, a 
thousand pseudoreplicates were constructed and the number of trees 
with the same branching is shown for confident branches. 

2.5 Evaluation	and	assessment	
The predictive ability of a bioinformatics algorithm or model can be 
assessed in many different ways. A typical bioinformatics model would 
predict whether a data point is either of a particular type/class or not, 
for example whether a 454 flow-peak has been correctly called or not. 
Given such a prediction, and that the true value is known, the prediction 
is one of four classes; a true positive ( ), a true negative ( ), a false 



Materials and Methods 

34 

Figure 2.5: An evolutionary tree of a few enteroviruses (VP1 region) 

 

The figure illustrates an evolutionary (phylogenetic) tree of the VP1 region of a
few enteroviruses (a genus in the Picornaviridae family). The tree shows a few 
subtypes of Human Rhinovirus A, B and C as well as two subtypes of Human 
enterovirus A (outgroup). The tree was evaluated by 1,000 bootstrap pseu-
doreplicates. Significant bootstrap values (over 85%) are shown. The different 
species are grouped together, shown by background coloring and labels to the
right. The scale bar (bottom left) represents genetic distance (sequence diversity). 
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positive ( ) or a false negative ( ) prediction. Models are often 
assessed using a test-set which was unknown at the time of making the 
model (or at least not used while building the model). Through making 
predictions for all entries of the test-set the number of , , 	and  
can be recorded. While these variables alone provide information about 
the predictive ability of the method, further assessment terms are most 
often used: 

 Precision /  
 Recall /  
 False Positive Rate ( ) /  
 False Discovery Rate ( ) /  

Different prediction methods are often tuned differently, due to specific 
costs/risks associated with making a prediction error. For instance, in 
cancer screening; one might tune towards finding most true positives at 
the cost of a few more false alarms ( s). On the other hand, in a 
criminal trial, DNA matching might be analyzed with a very low 
tolerance for false positives at the cost of letting a few criminals slip 
through (a few more s).  

As most prediction problems are not balanced in the sense that a positive 
and a negative event does not occur equally often, it might be useful to 
use an assessment variable which includes all of , , 	and . Two 
such balanced assessment variables are accuracy and Matthews’ 
correlation coefficient ( ) [78], defined as: 

 Accuracy  

   

The  value is basically a correlation coefficient between the true and 
the predicted states. The  value is between –1 and +1, where +1 
represents perfect prediction and 0 is no better than random prediction 
(–1 represents perfect disagreement). 
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3 Present	investigations	
The main focus of this thesis has been to develop a metagenomic 
pipeline for analysis of sequenced samples. These have typically been 
enriched for viruses through filtering and chemical treatment. In order to 
get the most out of the sequenced data my focus has also been towards 
methods for performing more accurate sequence alignments with Roche 
454 sequencing data. To approve the alignment quality of 454 reads and 
to be able to spot and correct for reading errors I have dug deep into the 
development of novel dynamic programming algorithms.  

3.1 Aims	
The aims of this thesis are; 

 To be able to reliably evaluate methods that handle 454 data 
(Paper I). As discussed in 2.5, in order to assess a prediction the 
true state has to be known. This is done by simulating 454 data. 

 To be able to, in an efficient manner, process a metagenomic 
sequencing library, and produce a reliable sample breakdown by 
virus family and species (Paper III and IV). 

 Produce a modular pipeline that will efficiently characterize 
metagenomic samples (Paper III and IV). 

 Extract genomes from a metagenomic samples and correct for 
apparent reading errors in the sequences (Paper II, IV and V). 

 Perform homopolymer reading error corrected nucleotide-
nucleotide and protein-nucleotide alignments, considering a 454 
data model, achieving higher alignment accuracy (Paper II and 
Paper V). 

3.2 Paper	I	–	An	efficient	454	simulator	
The main use of a data simulator is to enable the assessment of methods 
which process such data. Different assessments focus on different 
aspects of the simulator and often it is important for the simulator to 
produce more than just realistic data as output. The work presented in 
this paper is focused on, besides providing realistic data, producing 
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additional simulation information which enables proper assessments. 
Furthermore, the speed at which a simulation is executed was also 
addressed with an efficient implementation. 

The work on the software presented in this paper (454sim) was actually 
started as early as in 2009, to facilitate evaluation of FAAST (Paper II). 
The only simulators, at the time, capable of simulating 454 sequencing 
data were MetaSIM [79]. However, MetaSIM lack several important 
features; it did not produce flowgram output (see Figure 1.8), it 
produced no simulation metrics and it did not support modifiable 
statistical models for 454 data, all of which disable many studies. 
Especially the study I wanted to perform; test how reading errors could 
better be recovered if the flowgram information was used in alignments 
(paper II). To meet these shortcomings I started the development of the 
new 454 data simulation software. The computer programming language 
C++ was chosen to implement the new software. The benefits of C++ are 
that it is platform independent, very fast on most systems compared to 
many other languages and freely available (through GNU compiler). 
However, on the downside if the statistical models were written into the 
source code (often called hardcoded), it would be difficult for most 
people to modify and create new models. The ability to modify and 
create new models is essential in order to simulate new 454 techniques, 
or other factors such as non-protocol sample preparations. To address 
this issue 454sim loads statistical models from a text-format which 
allows for easy modifications of models. Finally, simulation information 
crucial for proper assessments was added. This information details when 
and where sequencing errors occur.  

During the development, a new tool named flowsim [80] was published 
in which attention was paid to advance the statistical models use to 
sample 454 data. Gratefully, these advancements were migrated into 
454sim which solved a few issues with quality of the simulations present 
in the original version, for example the lack of a model for degrading 
quality along the sequence. When 454sim was benchmarked against 
flowsim it became apparent that the new software showed the remarka-
ble speed improvement of ~200 times over flowsim (reduced a typical 
run from 5½ hours down to less than 2 minutes). Furthermore, 454sim 
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produces the crucial detailed simulation output as well as provide easily 
adjustable statistical models. These improvements over flowsim enable 
more thorough studies of methods and algorithms which deal with 454 
data.  454sim is available as open source under the GNU General Public 
License (GPL), and can be found at http://sourceforge.net/projects/bioinfo‐
454sim. 

3.3 Paper	II	–	Alignments	with	454	data	
Although sequencing data has become increasingly cheap over the years, 
it is still important to make good use of the data collected. Since 
insertions and deletions (indels) are a relatively uncommon evolutionary 
event (compared to substitutions) it is fairly often possible to spot 
homopolymer length inaccuracies in alignments with 454 data, see 
Figure 1.8. In this paper, I wanted to investigate if such errors could be 
better modeled and if I could construct a tool that made alignments with 
454 data which would highlight plausible homopolymer errors. 

The problem of utilizing 454 data (flowpeak information) was addressed 
by a new modified local alignment dynamic programming algorithm. 
Considering a 454 query sequence  (positions in ) and a database 
sequence  (positions in ), the novel alignment algorithm added a new 
variable (equation 3.3.2) to the local alignment algorithm (3.3.1), however 
now referring diagonally to a third virtual variable,	 , holding the 
optimal cell score. 
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The new variable, , describes the optimal alignment (up to ,	 ) which 
ends in a homopolymer correction, and is only non-negative for the last 
position of a homopolymer stretch. The variables  and  are down-
calling (the homopolymer length have been overestimated) and up-
calling (underestimated) penalties, respectively. The homopolymer 
correction penalties,  and , can be pre-calculated for a given query 
based on the underlying flowpeak representation. As seen from equation 
3.3.2, the new variable is limited to the assessment of corrections up to 
four bases (up to four previous cells are evaluated). However, correc-
tions of more than four bases are extremely improbable and to be at all 
plausible would require the sequencing of very long homopolymer 
stretches. The optimal cell score of the modified algorithm could now be 
redefined as the maximum of the conventional variable  and the new 
variable ; , , , , . It should be noted that  and  cannot be 
merged into a single variable, as  depends on  (  depends on  to 
ensure that a homopolymer cannot be corrected twice in a matrix 
column). However, the variable  is just used to better explain the 
algorithm from a local alignment perspective and actually merged into . 
Finally,  and  referrers back to the optimal cell score 	instead of . 

When the algorithm was supposed to be put to the test I realized that 
there were no good data simulators available. The available simulator 
MetaSIM did model 454 data but did not produce flowgram output. This 
limitation made it impossible to investigate how the use of flow peak 
signals could improve the alignment. To addressing the issue I started 
working on my own simulator, 454sim. However, before the paper was 
published a simulator named flowsim emerged which did produce the 
crucial flowgram output. Although lacking simulation information I 
decided to use the already published tool instead of 454sim. Simulation 
information, needed to assess the ability to correctly identify homopol-
ymer length inaccuracies, was instead recovered through the use of 
alignment (slightly modified to only allow gaps). 

Finally, with a tool at hand which could revile the performance of the 
algorithm, it was put to the test. It turned out to be more complicated 
that I initially realized to test the abilities of the new algorithm. The 
problem stems from the fact that homopolymer length calls, on average, 
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are really good and that the event I wanted to test (homopolymer 
inaccuracies) occurs seldom compared to the correct calling of a base, see 
section 2.5. This means that if the number of correctly aligned bases were 
compared, only a very small improvement could be observed. However, 
a few incorrectly aligned bases still cause major problems for some 
applications and if the focus is turned at the number of incorrectly 
aligned bases the difference is large. For instance, in alignment of 100,000 
simulated reads the new algorithm showed a 5 to 2.5 fold (depending on 
alignment identity) improvement in reducing the number of incorrectly 
aligned nucleotides, compared to regular local alignment. The new 
algorithm was implemented using C++ in a tool called FAAST 
(Flowspace Assisted Alignment Search Tool). FAAST also implemented 
some heuristics which showed that these alignments could be performed 
at a relatively low computational cost. FAAST is also available as open 
source under the GNU GPL, at http://bioinfo.ifm.liu.se/454tools/faast. 

3.4 Paper	III	–	Do	viruses	cause	CFS?	
Paper III is the first viral metagenomics paper, using deep sequencing, in 
this thesis. The aim of the study was to investigate the cause of chronic 
fatigue syndrome and more precisely whether it could have viral 
etiology.  

Chronic fatigue syndrome (CFS) is characterized by an impairing and 
prolonged fatigue of unknown etiology. According to definition, CFS 
requires extreme fatigue over 6 months without medical explanation, 
although appropriately investigated, along with 4/8 signs and symp-
toms. While immune dysfunction is the major etiological hypothesis and 
could be the result of prolonged infection, no agent has been successfully 
linked to CFS. Several inconsistent findings have implied possible viral 
infections, for example cytomegalovirus, Epstein-Barr, hepatitis C, 
human herpes virus-6, parvovirus B19. In 2009, Lombardi et al. [81] lit 
new hope for this patient group when they published the finding of a 
significant link between CFS and a retrovirus called XMRV (Xenotropic 
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Murine leukemia virus-Related Virus19). The study was controversial as 
many other studies had not found XMRV (as the paper was published 
we explicitly search for XMRV-like sequences in our samples, without 
success). Finally, it turned out that the XMRV finding was a lab 
contaminant and the publication was retracted first partially [82] and 
later in full [83]. 

In our study, 45 monozygotic twins were investigated, where one twin 
was diagnosed with CFS and the other was healthy. Out of these 45, 32 
met the criteria for CFS (13 met the criteria for ICF, i.e. idiopathic chronic 
fatigue). Serum samples from the affected as well as the unaffected twins 
were collected and pooled separately. Each pool was split into two pools 
and enriched for DNA and RNA viruses, respectively, using an 
enrichment protocol developed by Allander et al. [84]. All pools were 
sequenced using Sanger sequencing, and the two pools from affected 
twins were deep-sequenced using 454 sequencing (GS FLX).  

The sequencing data was analyzed through a metagenomic pipeline 
where progressively more sensitive BLAST searches were performed. 
The pipeline utilizes the fact that less computational resources are 
needed (i.e. more heuristic can be applied) in search for highly similar 
matches, and that a large portion of the sample is highly similar to 
sequences in the databases searched. Furthermore, if a sequence found in 
samples collected from humans shows high similarity towards a human 
sequence it is highly likely that it is of human origin (without further 
studies it cannot be shown otherwise). Thus, sequences are screened 
initially against the human genome to reduce the amount of data which 
is further processed. The remaining sequences were then assembled into 
overlapping fragments, using the MIRA sequence assembly program 
[85], and then queried against NCBI NR/NT [46]. The search process 
was performed in three steps with progressively increased sensitivity. 
The first search was performed using MegaBLAST [64] against NT, the 
second using nucleotide BLAST (BLASTn) against NT, and the final 

                                                           
19 A xenotropic virus is a virus found in cells of one species (in this case mouse) 
that will only produce virus particles when infecting cells of anther organism (in 
this case human).  
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against NR using translated BLAST (BLASTx). At each step, sequences 
which could be confidently classified were disregarded in downstream 
searches (classification threshold was set at ≥ 90% identity for a local 
alignment covering ≥ 70% of the query). Finally, sequences were 
assigned the tentative origin according to the best hit and a taxonomic 
breakdown was performed. 

The results from the pipeline showed no clear-cut evidence of novel 
viruses in any of the twins (control nor affected). However, in 8.9% 
(4/45, 	 	0.019) of the affected twins; an excess of nucleic acid from 
GBV-C (Hepatitis GB virus C) were found. Furthermore, Hepatitis C 
nucleic acid was also found in one of the affected twins (none of the two 
viruses were found among the unaffected twins). The previously 
undiagnosed Hepatitis C infection was confirmed using a standard 
diagnostic serology test and provides a plausible explanation for chronic 
fatigue in this person. GBV-C is similar to Hepatitis C and transmitted 
similarity (e.g. vertically, sexually and parentally). GBV-C is present in 
~2% healthy blood donors and far more show evidence of past infections 
[86]. GBV-C has not been found to cause any disease (in the liver or 
elsewhere) [86,87] and prior studies have concluded that it do not cause 
CFS [88]. Still, it is likely that the etiology of CFS is not unitary and it 
cannot be completely ruled out that GBV-C under certain conditions 
could cause CFS. The possible connection between GBV-C and CFS 
deserves further study, preferably in much larger patient groups. 

3.5 Paper	IV	–	Viruses	in	the	LRT	
This study is primarily of children admitted to the children’s hospital 
(Astrid Lindgrens barnsjukhus), Stockholm, with severe LRTI (lower 
respiratory tract (LRT) infections). The samples analyzed in this study 
had previously been sequenced using Sanger sequencing, in which two 
novel viruses were discovered by Allander et al. [84,89]. The aim of this 
study was to go deeper, through the use of 454 sequencing, to potentially 
discover further novel viruses hiding in the multitude of viruses found. 
Paper IV provides a full metagenomic characterization of the viruses 
found in these patients. Furthermore, the paper also details an enhanced 
version of the bioinformatic pipeline utilized in paper III. 
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In this study, 210 nasopharyngeal aspirates were analyzed, randomly 
selected from samples submitted to Karolinska University Laboratory, 
Sweden from Mach 2004 to May 2005. These samples were pooled, 
enriched for DNA and RNA viruses and sequenced, using 454 sequenc-
ing. The DNA and RNA samples were sequenced twice, first using the 
GS20 instrument [39] and secondly using the GS FLX instrument [40], a 
total of 4 runs. The sequencing produced in total 703,790 reads. All reads 
were processed through the new pipeline, see Figure 3.1. Several 
improvements of the previously existing pipeline (Paper III) were made 

Figure 3.1: The metagenomic analysis pipeline 

 
The figure shows a metagenomic analysis pipeline. The steps 1 and 2 illustrate
sample collection, preparation and sequencing while step 3 through 6 show the
in silico efforts of screening, assembly, homology search, breakdown and
analysis. 
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in order to both achieve higher efficiency as well as increase the 
reliability of the predictions made. The major improvements made are; 

 Proper repetitive screening through the use of RepeatMasker [90] 
and a novel maximum likelihood method for selecting the best 
non-repetitive subsequence. 

 Sequence splitting when recognized as composed of several 
subsequences showing homology towards different major groups. 
For instance, a sequence may show high identity towards the 
human genome from position 1 to 200, and from 200 to 400 
towards a virus. Such a sequence is most likely the product of a 
mis-assembly or a chimeric sequence formed during sample pre-
processing or sequencing, and should be split into two  
subsequences. 

 Comparative analysis of homologs, i.e. all homologs found are 
taken into account. If a sequence is almost equally likely to be of 
bacterial orgin as of viral origin the sequence is not predicted as 
either but as of ambiguous origin.  

The pre-screening, see Figure 3.1: step 3, significantly reduced the set of 
reads from the sequenced 703,790 reads down to 296,647. These were 
first assembled using MIRA [85] and then the resulting 110,000 sequenc-
es entered the BLAST search pipeline, see Figure 3.1: step 5. 

The final resulting breakdown showed an impressive viral portion, 39% 
of the reads20 were categorized as viral. The second largest group 
(counting reads) was mammalian, 25%, followed by bacterial, 23%, and 
finally approximately 12% which could not be classified. A small portion 
(1.4%) was also found to be of other origin, for instance phages and 
fungus. A further breakdown of the viral portion of the sample exposed 
a wide array of respiratory tract viruses, especially those expected in 
children suffering from severe lower respiratory tract infections, for 
example Human respiratory syncytial virus, Influenza A, Human 
Parainfluenza virus and Human Rhinovirus A/B/C. The study also 

                                                           
20 If a contig consisting of 20 reads were categorized as viral all 20 reads were 
marked as viral. 
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found more unexpected viruses such as non-vaccine-related Measles, the 
previously descried Human Bocavirus [84] and KI-Polyomavirus [89] as 
well as Coronaviruses. A multitude of TTV [91] and Circoviruses 
(primarily found in pigs) [92] was also found (none of which are known 
to cause human pathogenicity). 

Interesting subsets such as the set of reads primarily homologous to the 
Human Rhinovirus C species, was further analyzed. Hidden within 
approximately 11,000 reads, two new subtypes were found designated 
HRV-C34 and HRV-C35 by the Picornaviridae study group.  The HRV-
C35 genome extracted from these metagenomics sequences initially had 
homopolymer reading error in its sequence, easily spotted as it broke the 
open reading frame (ORF) of the polyprotein (covering most of the 
genomes in the Picornaviridae virus family). When further analyzed using 
FAAST (Paper II) and BLASTx the sequencing error was traced to a 
likely overcall of a poly-G stretch (called as a 7-mer instead of 6-mer). 

In conclusion, the paper highlights the power of viral metagenomics, 
both in the unbiased search21  for novel viruses as well as known viruses. 
The method also shows how the complete viral flora can be character-
ized in patient samples, as well as how a viral agent can be isolated 
without prior knowledge. With the continuously decreasing cost of 
sequencing; an automated method, such as the one described in this 
paper, could become a viable diagnostic tool. 

3.6 Paper	V	–	X‐alignments	with	454	data	
The genomes of most viruses have a high degree of coding material 
(most of the genome are genes) and are also often more conserved in 
protein space compared to nucleotide space. Furthermore, nucleotide 
alignments often fail to produce significant results for remote homologs 
due to the “low complexity” of nucleotide sequences22. These factors 

                                                           
21 An undirected search performed without any prior knowledge of which types 
of virus is present the sample. 
22 For example, there are only 4 states (T, A, C and G) in a given position which 
means that on average two sequences have 25% identity without alignment 
(compared to the 20 states of protein sequence, which yields 5% identity). 
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limit the usability of FAAST (Paper II) as a tool to recover broken ORFs 
in our metagenomic pipeline (Paper IV). This was also an apparent 
lesson from Paper IV, where vast amounts of rhinovirus sequences were 
analyzed. To address this issue, I started working on a new algorithm 
which would be able to produce homopolymer aware nucleotide-protein 
alignments (so called translated alignments or cross (X) alignments).  

The algorithm construction to solve the translated nucleotide-protein 
alignment problem is somewhat different compared to a straight up 
nucleotide or protein alignment23. The first algorithm modification 
needed is the calculation of three nucleotides (a base triplet coding for an 
amino acid, see Table 1.1) against one amino acids in each dynamic 
programming cell. Still, there is one column in the matrix for each 
nucleotide position and thus all three forward frames are matched 
simultaneously. Such an algorithm modification from the local align-
ment algorithm would thus look like this; 

,

	 , .. , 	

, 																																					

, 																																					
0																																									

 (3.6.1) 

Given the nucleotide query, , and the protein database sequence, , and 
that the variable  is redefined as 	,	 	 	 	 –3,	 	–	 	–	 ,	 –3,	  –	 24. 
Note the reference shift in  from –1 to –3 to account for a nucleotide 
triplet representing an amino acid. Furthermore, the substitution 
function, 	 	,	 , from the local alignment needs to be replaced by a 
match function which matches the nucleotide triplet, –2.. , against the 
amino acid,	  ( –2..  denotes the nucleotide triplet in positions; –2, –1 
and ). This new algorithm can now be extended to allow shifts between 
the three frames, i.e. gaps of one or two nucleotides25, by matching 1, 2, 4 
or 5 nucleotides to an amino acid, see equation 3.6.2;   

                                                           
23 Note that BLASTx does not perform a translated alignment per say but rather 
translates the query and then performs regular protein-protein alignments 
24  remains unchanged for protein gaps. 
25 Gaps of 3 nucleotides would correspond to a gap in protein-space. 
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 (3.6.2) 

The match function is here extended into a version which matches 1 to 5 
nucleotides against an amino acid, given that 2 or 1 nucleotides are 
inserted (the 1 and 2 function) or that 1 or 2 nucleotides are deleted 
(the 4 and 5 function). The score for the match-function for an aligned 
amino acid, , can now be pre-calculated for each position given a 454 
sequence and the corresponding flowgram. In brief, the match function 
returns the highest scoring insertion or deletion for a matched amino 
acid. For instance, there are 4 ways of deleting a nucleotide amongst 4 
nucleotides to produce a codon (three nucleotides) and the most deletion 
is selected so that the gap penalty (homopolymer adjustment penalty) 
plus match score (using a codon table and a substitution matrix, see 
Table 2.2) is maximized.  

The novel alignment algorithm was implemented in a tool called 
HAXAT (Homopolymer Aware Cross(X) Alignment Tool), using C++. 
The software enables nucleotide-protein alignments in three major 
modes; 1) alignment with flowgram information, 2) without flowgram 
information (regular nucleotide sequence input) but assuming 454-like 
data and 3) regular nucleotide sequences using a neutral data model 
(nucleotide gaps are penalized equally). The alignment model parame-
ters were then evaluated (4144 parameter combinations in total) for 
various degrees of identity using simulated data (454sim, Paper I). The 
evaluation, as well as a test on real data, showed a highly increased 
alignment accuracy using flowgram information (and a 454 data model), 
compared to the neutral model. When the -value (see 2.5) of 
correctly predicted nucleotide insertion/deletions (indels) were 
calculated, at for instance 50% identity, the neutral model scores a -
value of ~11% compared to ~68%, when using flowgram information. 
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HAXAT is available as open source, pre-compiled binaries as well as a 
simple web-based. The web-based tool both allows matching of a 
nucleotide sequence against a protein sequence and search against 
SwissProt through the use of BLASTx. BLASTx is first used to produce a 
reduced database set, and then the alignments are then refined using 
HAXAT and presented to the user. The web-based tool as well as 
binaries and source are available at http://bioinfo.ifm.liu.se/454tools/haxat. 
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4 Concluding	remarks	

4.1 Summary	
We have shown (Paper III and IV) that it is possible to give an in-depth 
characterization of the viral content through metagenomic sequencing 
and sequence analysis. Furthermore, a lot of work which was initially 
manual labor has now been automated. Through submitting the data to 
a bioinformatic pipeline involving screening, assembly, homology 
searches as well as taxonomic grouping and the automated generation of 
statistics, a complete characterization of a metagenomic sample can be 
performed fairly effortless. Metagenomic sequencing and automated 
characterization could serve as a crucial tool in future virus discovery. 
Given the expected future drop in sequencing costs this method could 
even serve as a clinical tool where the causative agent is obscure or 
unknown.  

We have also addressed the problem of homopolymer inaccuracies in 
454 data and shown that these can be predicted through the use of 
homology, both in nucleotide space (FAAST, Paper II) as well as protein 
space (HAXAT, Paper V). Furthermore, the “unbroken” alignments of 
HAXAT greatly simplify the automated analysis and prediction of novel 
viral pathogens. For example, in characterization of novel Rhinovirus 
species and subtypes, typically the percent identity in the structural gene 
VP1 is used. Using HAXAT, a corrected alignment is obtained which 
calculates the identity much better than what is acquired when using the 
mean identity of several broken BLASTx alignments. In the development 
of these novel algorithms, calibration and evaluation is crucial. To 
address this issue we have presented a new 454 simulator (Paper I) 
which not only simulate 454 data at an unprecedented speed but also 
allows for easy manipulation of statistical models as well as provide 
detailed simulation output, all of which are crucial for complete 
evaluations of these algorithms. 
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4.2 Future	studies	
While this thesis covers work done during a several years of my lifetime 
it provides only a very small advancement of science, and there are a lot 
more work to be done. In fact, as science progress often more questions 
are raised than answers found.  Similarly, there are a lot more possible 
advancements of the methods discussed in this thesis. For example, the 
prediction of homopolymer inaccuracies has been done simply through 
the use of a single, presumably closest, homolog. These predictions could 
potentially be substantially improved through the use of multiple 
homologs and a machine learning method such as an SVM or an ANN. 
Both these algorithms could also be further developed and potentially 
incorporated into heuristic tools such as BLAST. The effects of parame-
ters, which essentially determine how the data is expected to behave, 
could also be explored further, especially in regards to different 454 
chemistries and Ion semiconductor sequencing data. In the same way, 
454sim could be fitted with additional statistical models to produce new 
types of data, most interestingly; Ion semiconductor sequencing data26. 

There are also many other challenges ahead, for instance the growing 
data management problem. During the analysis presented here the data 
analyzed have been fairly manageable as it has not exceeded gigabytes. 
However, in analysis of other datasets the runtime for the “BLAST result 
analysis”-part of the pipeline (based on Perl scripts) has exceeded days. 
An improvement of this pipeline through complexity analysis, algorithm 
optimization, and migration to a more efficient implementation, such as 
C++, would be a suitable path forward. The most obvious bottleneck in 
the analysis pipeline is; query hits comparisons, where pairwise 
comparisons are needed. This is implemented using a double loop which 
occasionally executes 2-3 orders of magnitude slower in Perl compared 
to C++. The data management problem also concerns all other parts of 
the analysis, i.e. data transfer, initial storage, screening, assembly, 
homology search and final storage/presentation. As a first step, the 
homology search phase, using BLAST, have been migrated away from 

                                                           
26 Given that it fits roughly within the same degradation model and that the data 
is log normal for negative flows and normally distributed for positive flows. 
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the pipeline, since it is the most time consuming step. By this modifica-
tion, it can easily be parallelized and executed at a supercomputer 
center, such as NSC (National Supercomputer Centre) in Linköping, 
Sweden. Through loading hundreds of nodes at NSC (instead of a single 
computer) with the computational task the execution time is brought 
down from weeks to within a day (including queue time). Still, if 
sequencing costs continue to drop steeper than computational costs, see 
Figure 1.7, the use of super computers will not hold back the “data 
flood”. As a consequence, it will be continuously important to advance 
bioinformatics and the related computational algorithms in order to 
process tomorrow’s amounts of data. Finally, presentation of data has 
become a growing problem as the amounts of data increases. Currently, 
the results of the pipeline is viewed in a simple text-file format but as the 
number of interesting alignments grows this quickly becomes cumber-
some since sorting and filtering are hard. A possible path forward would 
be to develop a visualization program for these types of metagenomic 
results. 
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5 Acronyms	
3D – Three dimensional 

A – Adenine 

A base – 1 nucleotide (short for nucleobase) 

ANN – Artificial Neural Network 

BLAST – Basic Local Alignment Search Tool 

BLOSUM – BLOcks of amino acid Substitution Matrix 

Bp – Base pair (two paired nucleotides (DNA/RNA)) 

C ‐ Cytosine 

CFS – Chronic fatigue syndrome 

Codon – A coding triplet (3) of nucleotides coding for an amino acid 

Contig – Continuous sequence 

DNA – Deoxyribonucleic acid (a chain of nucleotides) 

E‐value (BLAST) – Number expected hits for a similar random query. 

EBI – European Bioinformatics Institute 

EMBL – European Molecular Biology Laboratory 

FASTA – An alignment search tool, short for FAST‐All 

FASTA – Also a sequence format used to describe biological sequences 

G ‐ Guanine 

Gigabases or Gbp – 1,000,000,000 nucleotides 

GNU GPL – GNU General Public License 

Homopolymer – A sequence of nucleotides of the same kind, e.g. “AAA” 

HRV – Human rhinovirus 

Indel – Insertion or deletion 

LRT – Lower respiratory tract 

LRTI – Lower respiratory tract infections 

Kilobases or Kbp – 1,000 nucleotides 

MCC – Mathews’ correlation coefficient 

Megabases or Mbp – 1,000,000 nucleotides 

mRNA – Messenger Ribonucleic acid 

MSA – Multiple Sequence Alignment 

‐mer – A sequence of   nucleotides.  

NCBI – National Center for Biotechnology Information 

NSC – National Supercomputer Centre in Linköping, Sweden 
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ORF – Open Reading Frame 

PDB – Protein Data Bank 

PIR – Protein Information Resource 

Read – A sequenced DNA fragment 

RNA – Ribonucleic acid 

rRNA – Ribosomal Ribonucleic acid 

SIB – Swiss Institute of Bioinformatics 

Shotgun sequencing – Sequencing of random fragments 

SVM – Support vector machine 

T ‐ Thymine 

TrEMBL – Translated EMBL 

Triplet – Three nucleotides 

tRNA – Transfer Ribonucleic acid 

TTV – Torque Teno Virus 

U – Urasil 

UV‐light – Ultraviolet light 
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